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Abstract  
Various biotic and abiotic agents are changing forests. Prolonged human activities 
substantially could cause not only different changes in forests but also could accelerate natural 
hazards in the Anthropocene. Despite several remote sensing-based research in forest 
changes, there is a need for a holistic study that could visualize different dimensions of 
anthropogenic-induced forest changes such as forest loss, forest fragmentation, and forest 
degradation. Besides, the effects of these changes require to be investigated in the natural 
hazards’ studies in forest regions. This research was accomplished for holistic assessing of 
long-term forest loss, forest fragmentation, and forest degradation induced by human 
activities such as sprawling residential areas and expanding road networks in northeast Iran. 
Moreover, it has investigated the significance of forest dynamics in analyzing of landslide 
susceptibility in the forest regions.  
The time series of Landsat data with the contribution of aerial photos were employed to 
investigate long-term forest changes in three spans from 1966 to 2016. The expansion of forest 
roads was extracted from a combination of satellite images and topographic maps. Both pixel– 
and object-based approaches were used for analyzing forest changes. The spatial 
autocorrelation indicators and spatial regression models were applied for visualizing patterns 
of forest changes and possible relationships between forest changes and the expansion of 
residential areas and road networks. Furthermore, the detection of old and new landslide 
events was accomplished through Sentinel-1 and -2 images and DEM derivatives using object-
oriented random forest method. The significance of conditioning and triggering factors that 
control the susceptibility of protected and non-protected forests to landslides was explored 
using the object-based random forest approach as well. 
Key findings revealed that the expansion of residential areas and rural roads have 
increasingly heightened the rates of forest loss before 2000. However, the spatial patterns of 
forest dynamics were changed from forest loss to forest fragmentation and forest 
degradation– along with the expansion of forest and mine roads– since the 1980s.  Although 
the topographic and hydrologic features were the top influential predictors that control the 
susceptibility of protected forests to landslides, the natural and anthropogenic triggers have 
obtained significant values in non-protected forests to the landslides as well; forest 
fragmentation and logging were the top features of anthropogenic triggers. This research 
verifies that influential variables are different either for detecting landslides or for assessing 
landslide susceptibility in different forest regions. 
The spatial-based regression models showed higher efficiency than the traditional 
regression model for modelling relationships between forest changes and anthropogenic- 
induced drivers; however, there was no priority between spatial models. Random forest 
algorithm demonstrated satisfactory accuracy for mapping of both old and new landslides 
and landslide susceptibility with higher accuracy in the protected forests. 
This research has investigated human-induced forest changes; however, other abiotic and 
biotic agents may cause these changes such as climate hazards, forest fires, insect outbreaks, 
pathogens, and other natural hazards that need to be explored in the future studies. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Kurzfassung 
Verschiedene biotische und abiotische Faktoren verursachen Veränderungen im Wald. 
Dauerhafte menschliche Eingriffe im Anthropozän könnten nicht nur zu unterschiedlichen Typen 
von Veränderungen im Wald selbst führen, sondern auch bestehende Naturgefahren verstärken. 
Trotz verschiedener fernerkundungsgestützter Forschungsarbeiten zu Waldveränderungen besteht 
Bedarf an einer holistischen Studie, welche verschiedene Dimensionen anthropogen verursachter 
Waldveränderungen wie Waldverlust, Waldfragmentierung und Waldschädigung aufzeigen kann. 
Außerdem ist es notwendig, die Auswirkungen derartiger Veränderungen in Naturgefahrenstudien 
für Waldgebiete zu untersuchen. Ziel dieser Forschung war es, eine holistische Bewertung von 
langfristigem Waldverlust, Waldfragmentierung und Waldschädigung durchzuführen, die durch 
menschliche Aktivitäten wie Ausbreitung von Siedlungsgebieten und Ausbau von Straßennetzen im 
Nordosten des Iran verursacht werden. Darüber hinaus hat diese Forschungsarbeit die Bedeutung 
der Walddynamik in der Analyse von Rutschungsneigung innerhalb von Waldgebieten untersucht. 
Um langfristige Waldveränderungen in drei Intervallen zwischen 1966 und 2016 zu 
untersuchen, wurden Zeitreihen von Landsat-Daten und zusätzlich von Luftbildern verwendet. Die 
Erweiterung der Waldwege wurde aus einer Kombination von Satellitenbildern und 
topographischen Karten extrahiert. Für die Analyse von Waldveränderungen wurden sowohl 
pixel- als auch objektbasierte Ansätze verwendet. Räumliche Autokorrelationsindikatoren und 
räumliche Regressionsmodelle wurden eingesetzt, um Muster von Waldveränderungen und 
Zusammenhänge zwischen Waldveränderungen und der Erweiterung von Wohngebieten und 
Straßennetzen zu visualisieren. Darüber hinaus wurde die Erkennung alter und neuer Erdrutsche 
aus Sentinel-1 und -2 Bildern und DEM-Derivaten unter Verwendung der objektorientierten 
„Random Forest “-Methode durchgeführt. Ebenfalls mit dem objektbasierten „Random Forest “-
Ansatz wurde die Bedeutung von Konditionierungs- und Auslösefaktoren untersucht, welche die 
Suszeptibilität einer Fläche für Erdrutsche in geschützten und nicht geschützten Wäldern 
kontrollieren. 
Die zentralen Erkenntnisse sind, dass die Ausbreitung von Siedlungsflächen und der 
Ausbau von Landstraßen die Waldverluste vor dem Jahr 2000 zunehmend erhöht haben. Mit 
 
dem Ausbau von Wald- und Bergbaustraßen änderten sich jedoch seit den 1980er Jahren die 
räumlichen Muster der Walddynamik von Waldverlust hin zu Waldfragmentierung und 
Walddegradierung. Obwohl die orographischen und hydrologischen Merkmale die wichtigsten 
Einflussfaktoren hinsichtlich Suszeptibilität für das Auftreten von Erdrutschen in Schutzwäldern 
waren, haben weitere natürliche und anthropogene Auslöser Signifikanz erreicht innerhalb der 
nicht geschützten Waldflächen: Holzeinschlag und Waldfragmentierung waren dabei die 
dominierenden anthropogenen Auslöser. Die Studie bestätigt zudem, dass die Parameter für die 
Erkennung von Erdrutschen und für die Beurteilung der Rutschungs-Suszeptibilität an die 
verschiedenen Waldgebiete anzupassen sind. 
In der Modellierung der Beziehung zwischen Waldveränderungen und anthropogenen 
Einflüssen zeigten räumlich basierte Regressionsmodelle eine höhere Effizienz als das traditionelle 
Regressionsmodell; allerdings gab es keine klare Priorität innerhalb der räumlichen Modelle. Der 
„Random Forest “-Ansatz zeigte eine zufriedenstellende Genauigkeit sowohl bei der Kartierung 
historischer Erdrutsche als auch in der Bestimmung der Rutschungs-Suszeptibilität. Dabei lag die 
erreichte Genauigkeit in den geschützten Waldgebieten höher. 
Diese Forschungsarbeit hat vom Menschen verursachte Waldveränderungen untersucht. 
Da jedoch auch andere abiotische und biotische Faktoren die geschilderten Veränderungen 
verursachen können, sind weitere Studien notwendig. Diese könnten z. B. Klimaparameter, 
Waldbrände, Insektenschädigung und andere Naturgefahren einschließen. 
 
 
 
 
 
 
 
 
  
 
 
 
 
 
 
 
 
 
“Life has no smooth road for any of us; and in 
the bracing atmosphere of a high aim the very 
roughness stimulates the climber to steadier 
steps, till the legend, over steep ways to the 
stars, fulfils itself.“ 
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1 
Introduction 
1.1 Motivation 
Long-term anthropogenic processes cause different forms of forest changes such as forest loss, 
forest fragmentation and forest degradation that may trigger natural hazards such as 
landslides, earthquakes, floods, hydrological drought, erosion, land subsidence, and wildfires 
[1–6]. Despite increasing several remote sensing-based approaches for assessing forest changes 
and natural hazards, there is a need for a holistic study that could visualize different 
dimensions of anthropogenic-induced forest changes and could quantify their effects on 
increasing landslide susceptibility. 
Various models have been applied for assessing spatiotemporal patterns of forest 
characteristics and forest changes such as traditional statistical models or advanced machine 
learning approaches [7–10]. Though some of their algorithms have significantly improved the 
accuracy of modelling [7], they do not take into account the spatial heterogeneity of data over 
the area [10]. Therefore, we need to explore the efficiency of other methods that rely on the 
spatial properties of data for visualizing and modelling of forest changes such as spatial 
autocorrelation and spatial regression approaches [11,12].   
Furthermore, many of the accomplished studies for mapping of landslide susceptibility 
are depended on some repetitive geo-environmental variables over different regions and times 
[13,14] or fixed effects of the land-use/land-cover without including their dynamics over time 
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[14]. It requires a holistic investigation for identifying influential conditioning and triggering 
factors that control the susceptibility of pristine and disturbed forest areas to landslides 
1.2 Deforestation, forest fragmentation and forest 
degradation 
A forest is defined as an area covered by trees with a minimum of half hectares and 10% 
canopy coverage [15]. Forests are changing by different biotic and abiotic agents. Forest change 
may appear as deforestation, forest fragmentation, and forest degradation, which are 
distinctly different processes (Figure 1.1). 
Deforestation is a process that forests are converting into non-forest features as the 
remained forests have less than 10% canopy coverage [16]. Direct human activities for the 
expansion of farmlands, residential areas, or some logging methods such as clear cutting could 
lead to huge forest loss [17–21]. 
Forest fragmentation is resulting from converting a large continuous forest habitat into 
smaller patches that are separated from each other [22]. Natural process or deforestation may 
lead to forest fragmentation [23,24]. 
Forest degradation is induced by long-term shrinking forest canopy coverage and forest 
ecosystem services that is not lead to deforestation [25]. Destructive human-caused schemes 
such as logging, mining, and overgrazing or natural-caused hazards such as droughts, forest 
fires, floods, insect outbreaks and pathogens could degrade pristine forests [24,26].  
Besides, some underlying drivers could lead to deforestation, forest fragmentation and 
forest degradation such as socioeconomic and political issues, failures in markets, poor 
management, wrong policy, and technological factors [24,27]. The consequences of these forest 
changes may appear as a reduction in carbon sequestration [28], a deposit of sediment or soil 
erosion and flooding [29–31], failure of hydrological systems [32], a proliferation of invasive 
plants and facilitation of human invasions in the pristine forests [33–35], desertification [36], 
and landslide hazards [37].  
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pixel- or object-based approaches as well [52]. This research has computed forest loss by 
evaluating the time series of Landsat with respect to pixel-based and classification approaches 
in a watershed scale (Chapter 2), and then it has applied object-based approaches for detecting 
forest loss objects by evaluating aerial photos and Landsat time series over a half-century 
(1966–2016) in Chapter 3. 
Forest fragmentation is quantified through developed metrics with respect to the patch-
corridor-matrix model that use for assessing the spatial context of ecological processes  [53]. 
A patch represents a homogeneous area of a landscape unit that reduces spatial connectivity; 
a corridor represents a homogeneous area of a landscape unit but with linear spatial 
connectivity; and a matrix represents the unit of the landscape [54]. Some important 
fragmentation metrics are the edge density (ED), the average amount of edge per patch 
(MPE), mean patch size (MPI), perimeter-area ratio (PARA), largest patch index (LPI) and 
mean shape index (MSI) [55].  
Forest degradation is assessed through the mapping of the degraded forest canopy by 
analyzing the time series of satellite data or is estimated through disturbed forests induced by 
human interventions using a combination of satellite data and GIS functions [56,57]. 
A variety of remote sensing-based indicators are calculated for assessing forest 
degradation depending on changes in biodiversity [58], biomass [59,60], forest health [61], and 
soil quality [62]. For example, satellite-derived vegetation indices, such as the normalized 
difference vegetation index (NDVI), have frequently applied for quantifying forest biomass or 
forest health [61,63,64]. However, the problem of saturation in the red band has challenged the 
capabilities of the NDVI for measuring biomass in dense forests [65,66]. The enhanced 
vegetation index (EVI) [66] and enhanced vegetation index2 (EVI2) [67] were designed to solve 
saturation in high biomass forests through including some adjustment parameters in the NDVI 
Equation. Long-term analyzing of Landsat-derived EVI2 anomalies was used as an indicator 
for measuring forest degradation in this research (Chapter 3). 
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1.4 Approaches for analysing spatial patterns of forest 
changes 
Various advanced models have been emerged for analyzing spatial autocorrelations and 
heterogeneity for modelling forest characteristics, tree species compositions, biodiversity, 
spatial patterns of deforestation, forest fragmentation and forest degradation, and for 
quantifying associations between the magnitude of forest changes and driving forces such as 
Global Moran’s I [68], regression tree (CART) [7], artificial neural networks (ANN) [7], random 
forest (RF) [8,9], geographically weighted regression (GWR), spatial error (SE), and spatial lag 
(SL) [69,70]. Although some of these models such as CART and ANN have significantly 
improved the fitting of models and estimating standard errors, they less focused on the spatial 
heterogeneity of data [7].  
Some other models such as GLM summarize the error of a model from different locations, 
and they are not able to do predictions for local places [10]. When data are collected from a 
relatively large extended area, probably the characteristics of samples have variations over the 
area. Therefore, some indicators that could visualize and quantify the spatial heterogeneity of 
the residuals of the model have priority such as the local indicator of spatial association (LISA) 
and bivariate local indicator of spatial association [10,11]. The performance of LISA reported 
for analyzing the spatial patterns of forest fragmentation [71] and forest loss and forest fires 
[72]; however, further studies are required to test the efficiencies of these indicators for 
analyzing the spatial heterogeneity of different dimensions of forest changes and their 
associations with driving forces both locally and temporally (Chapter 2 and 3).  
Since the common regression models assume that the variations in locations of data do 
not affect the model, then their application for analyzing spatial data is problematic. On the 
other hand, spatial regression models take account of the effect of location through calculating 
the associations between each data with their neighbours such as SL and SE [11] or by 
weighting data depending on their distance to the centre of the selected kernel window for 
modelling such as GWR [12]. Recently, the motivation for applying spatial regression 
approaches has increased for finding relationships among variables in ecological issues. 
6 
 
 
 
Although some statistical models, such as general and logistic regression models, have been 
accomplished to study deforestation [73–75] and land-use changes [76] in some research, 
spatial regression approaches have rarely been applied for assessing different dimensions of 
forest changes in the earlier studies. Moreover, the performance of these models is needed to 
be explored concerning the common models or each other for modelling the drivers of forest 
changes (Chapter 2 and 3). 
1.5 Forest changes and landslide hazards 
Anthropogenic processes have affected all aspects of the earth and mostly lead to the 
occurrence, frequency, and intensity of natural hazards such as landslides, earthquakes, 
floods, hydrological drought, erosion, land subsidence, and wildfires [1–6]. 
Some anthropogenic activities could increase the susceptibility of forest areas to landslides 
such as forest conversion [37,77–84], timber harvesting [79,85–90], mining activities [91], and 
road construction [92–94]. Gill and Malamud [5] studied the effects of 18 types of 
anthropogenic processes on triggering 21 natural hazards. They showed that landslide 
hazards have the highest linkage with the anthropogenic activities as vegetation degradation 
was among the top influential factors of triggering landslides. However, the interaction 
between landslides and other natural hazards such as earthquakes [95–98], rainfall [99–103], 
and floods [104,105] may trigger landslide characteristics. Moreover, conditioning factors have 
an undeniable influence on the landslide susceptibility [98,106–110]. Many studies did less 
attention to the variations of variables over time [77,111]. For example, the effects of road 
expansion or increasing the rates of deforestation, forest degradation, and forest fragmentation 
may differ on the landslide susceptibility relative to just taking into account their current status 
in the model. The comparison of influential factors that control the landslide susceptibility in 
the protected forests and disturbed forests may reveal the importance of human-induced 
forest changes in landslide occurrence (Chapter 5). 
Various approaches have been developed for mapping landslide or assessing landslide 
susceptibility with respect to satellite-derived features, conditioning and triggering factors. 
Machine learning-based approaches have received more attention for some reasons so that 
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these objectives are met. For example, random forest (RF) uses an enormous set of variables 
and data with no selection, reduction, and preprocessing; it handles missing data and avoids 
over-fitting; it applies self-testing of “out of bag”; and increased the performance and accuracy 
of both classification and modelling [112]. Furthermore, variables from different resources 
may have different scales and models, as handling them in pixel-based models may lead to 
some uncertainties in analysis and outputs. In contrast, object-based approaches are powerful 
not only for handling different data but also provide the possibility for driving numerous 
characteristics of variables such as textural, spectral, contextual, and geometrical features 
useful for landslide studies in both classification [113–118] and modelling [119]. The 
contribution of RF and oriented/object-based approaches may improve detecting landslide 
events (Chapter 4) or determining influential factors that control the susceptibility of different 
forest regions to landslides (Chapter 5). 
1.6 Hyrcanian forests 
The origin of Hyrcania refers to the old Persian “Verkâna” which means wolf [120]. It was 
one of the main Provinces of Persia empire during the dynasty of Sassanids (224 to 651 CE) [121] 
in the south and southeast of the Caspian Sea. Nowadays, the Hyrcanian ecoregion is one of the 
main 85 ecoregions of the broadleaf mixed temperate forests (Figure 1.2a). The United Nations 
Educational, Scientific and Cultural Organization (UNESCO) has inscribed 15 protected areas of 
the Hyrcanian forests in its World Heritage list in July 2019 (https://whc.unesco.org/en/list/1584/ ). 
The Hyrcanian forests stretch along with the northern aspect of Alborz Mountains and 
the southern coast of the Caspian Sea by around 880 Km length and 20-70 Km width (Figure 
1.2b). Their ages are estimated between 25-50 million years and survived during the periods 
of glaciation when the European forests died (https://whc.unesco.org/en/list/1584/). The 
average precipitation varies from 530 to 1350 mm which decrease from west to east of 
Hyrcanian forests [122]. The majority of these forests are established on the Middle Jurassic to 
Upper Cretaceous limestone formations [123] and brown soils [122]. 
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1.6.2 Human population and livelihood activities 
The population of Gilan, Mazandaran and Golestan Provinces—encompassed the Hyrcanian 
ecoregion—is above 10% of Iran’s population. The people mainly are involved in the cultivation and 
breeding livestock in the Hyrcanian ecoregion [126]. 
1.6.3 Management of the forests 
The protection, rehabilitation, development and utilization of Hyrcanian forests are under 
the management of Iran’s Forests, Range and Watershed Management Organization (FRWO). 
Although about 50% of Hyrcanian forests is under logging activities, it contains 37 forest 
reserves including three national parks (e.g. Golestan National Park in Golestan Province and 
Paband National Park in Mazandaran Province), two wildlife refuges (e.g. Dodangeh Wildlife 
Refuge in Mazandaran Province), 19 protected areas (e.g. Lisar, Gashte Roodkhan and 
SiahMazgi in Gilan Province; Vaz, Shesh Rudbar, and Hezar Jarib protected areas in 
Mazandaran Province; and Zav I and II, Loveh, and Jahan Nema in Golestan Province), two 
national natural monuments and 16 no-hunting areas [127].   
1.7 Study area 
The Gorganrood basin in the eastern part of Hyrcanian forests, Golestan Province, was 
selected for this research (Figure 1.2b). This basin is heterogeneous concerning the climatic 
regimes, terrain variations, and land-use. The altitude ranges between −30 and 3,360 m a.s.l 
(Figure 1.3b) and the average slope is about 35% in the forest areas.  
This area is dominated by the effective Mediterranean climate with Hot summer (CSa) 
(https://de.climate-data.org/asien/iran/golestan-2189/) according to the Köppen-Geiger 
climate classification method. The mean annual precipitation ranges from 300 mm in northern 
and southern fringes of the study area to 1000 mm in the central part. The temperature varies 
between –5.5°C and 33°C [128]. 
This area is a part of Koppedagh structural zone with the dominated lithology types of Jl 
(limestone, oolitic-porous dolomitic limestone; Lar formation; Mesozoic era; Jurassic period) 
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and Js (upper: shale, marl, sandstone, nodular Ls, Ammonite, Belemnite, and lower: shale, 
sandstone with thin-bedded limestone; Shemshak formation; Mesozoic era; Jurassic period) [129].  
The main land-use types of Gorganrood are forests, rangelands, agricultural lands, and 
residential areas [70]. The forests are mostly distributed in the mild-altitude (800-1600 m) of 
the basin, which is dominated by tree species of Quercus castaneafolia, Carpinus betulus, Acer 
velutinum, Parrotia persica, and Ulmus glabra [122]. The lower lands contain farmlands with 
cultivating the strategic crops such as wheat, barley, rice, soybeans, oilseed rape, and maize. 
Golestan has the first rank for oilseeds and the third rank for wheat production in Iran. 
Agriculture, forestry, hunting, and mining have a major contribution to the economy of this 
basin [126].  
The number of protected areas has been increased during recent decades in this basin. 
The first and largest Iranian national park, Golestan National Park, is located in this region 
with about fifty percent of total mammal species and thirty percent of total birds of Iran, and 
over 1,400 registered plant species by UNESCO in 1976 [122,130]. This park comprises a total 
area of 874 km2 with an average elevation of 1380 m a.s.l (Figure 1.3a) and it represents an 
ecotone between temperate mixed broadleaf forests and semi-steppe regions [131]. Furthermore, 
4 out of 15 property components of Iranian’s World Heritage, inscribed by UNESCO in 2019, are 
located in the Gorganrood basin including Abr West, Aber East, Golestan North, and Golestan 
South (Figure 1.3a).  
This area has been affected by a variety of human activities such as residential sprawling, 
forest conversion, timber harvesting, mining, and road construction. Various natural hazards 
were reported with considerable damages such as floods and destructive landslides in this 
area [132].  This basin contains 29 mine plans including both underground and open-cast 
mines. Coal mines are the dominant type of underground mines with 16 sites. The majority of open-
cast mines encompass sand and gravel. Also, the logging operations were implemented in 17 forest 
management plans (FMPs) including 1,159 parcels until 2016 (Figure 1.3b). 
Variety in the driving forces of forest dynamics, types of forest changes, protected and 
non-protected forests, natural hazards, conditioning factors, and management systems 
provoked us to select the east of Hyrcanian forests for this research. Further descriptions are 
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1.8 Objectives 
This dissertation aims to assess long-term forest changes, landslide hazards and their 
interdependencies using remote sensing time series data. Furthermore, it develops novel 
approaches for identifying deforestation, forest fragmentation, and forest degradation as well 
as old and new landslides by applying grid-based, object-based, object-oriented, and machine 
learning methods. The specific objectives are: 
• to explore long-term variations of forest loss, fragmentation and degradation using aerial 
photos and Landsat data by applying grid-based and object-based paradigms in NE Iran 
• to visualize long-term variations of sprawling residential areas and expanding low-
volume road-networks in forest areas 
• to quantify spatial dependencies of deforestation and sprawling residential areas.  
• to visualize and quantify forest loss, fragmentation and degradation affected by 
expanding low-volume roads in the pristine forests using spatial indicators and spatial 
regression models 
• to discriminate landslide-affected and non-landslide-affected objects using Sentinel-1 
and -2, and DEM derivations by applying object-oriented random forest classification 
in the Hyrcanian forests 
• to identify influential conditioning and triggering factors that are controlling the 
susceptibility of protected and non-protected forests to landslides using object-based 
random forest modelling 
1.9 Overview of the dissertation 
This cumulative dissertation is structured in six chapters. The main parts of the dissertation 
were written as stand-alone articles and published or accepted with revision by international 
peer-reviewed journals; two articles were published and two articles were accepted with 
revision and the responses to the reviewers’ comments were submitted. These articles were 
written originally by the author of this dissertation and revised by co-authors. As each of the 
articles has published or prepared for different publishers, they were reformatted according 
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to a single standard structure in this dissertation. The contents of the articles have remained 
unchanged throughout the dissertation and were included in Chapter 2 to Chapter 5 as follows: 
Shirvani, Z.; Abdi, O.; Buchroithner, M.F.; Pradhan, B. Analysing Spatial and Statistical 
Dependencies of Deforestation Affected by Residential Growth: Gorganrood Basin, Northeast 
Iran. Land Degrad. Develop. 2017, 28, 2176–2190, doi:10.1002/ldr.27  
Shirvani, Z.; Term-ongAbdi, O.; Buchroithner, M.F. A New Analysis Approach for L  
Network-Road ion Resulting fromations of Forest Loss, Fragmentation and DegradatVari      
20 Land Degrad. Develop.Series and OBIA. -Expansion Using Landsat Time 20, 28, 1–20, doi: 
10.1002/ldr.3530 
Shirvani, Z.; r2 fo-1 and -of SentinelAbdi, O.; Buchroithner, M.F. A Synergetic Analysis  
Forest in the Hyrcanian Oriented Random-ObjectMapping Historical Landslides Using  
Forest. Remote sensing. 2019, 11: 2300, doi: 10.3390/rs11192300 
Shirvani, Z. A holistic analysis for landslide susceptibility mapping applying geographic 
object-based random forest: A comparison between protected and non-protected forests in NE 
Iran. Remote sensing. 2020 , 12, 434, doi:10.3390/rs12030434 
Therefore ,the presented dissertation is according to the included articles and framed by 
an introductory and a conclusion chapter as bellows: 
Chapter 1 expresses the motivation and problems, research questions, objectives, related 
literature in remote sensing of forest changes and landslide susceptibility, current 
understanding, and structure of the dissertation. 
Chapter 2 addresses the spatial dependencies of deforestation affected by residential 
growth in northeast Iran. It visualizes how residential areas and their related activities such as 
croplands and population were expanded in the forest areas using Landsat time-series in 1972–
1987, 1987–2000, and 2000–2010. It models the magnitude of deforestation and the expansion 
of residential areas using spatial regression models and introduces the appropriate approaches 
for this purpose as well. 
Chapter 3 develops a new analysis for visualizing and quantifying variations of forest 
loss, fragmentation, and degradation concerning the expansion of different road-networks in 
the forest areas. It applies remote sensing data for the past 50 years including aerial photos 
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and Landsat images for analyzing forest changes and road expansions. The extraction of 
features was based on the OBIA from remote sensing data. It introduces a different approach 
with respect to the weighted road density for quantifying the effect of roads on the forest 
fragmentation. Moreover, it separately presents the effects of three different common types of 
roads in forest areas (i.e. rural, forest and mine roads) on the three dimensions of forest 
changes (i.e. forest loss, fragmentation and degradation) in three time periods (1966–1986, 
1986–2000 and 2000–2016). 
Chapter 4 presents a synergetic analysis for mapping old and new landslides from 
Sentinel-1 and -2, and also topographic and hydrologic data. It attempts to identify influential 
object features for discerning landslide-objects from non-landslide objects using the object-
oriented random forest in a protected forest and a non-protected forest in NE Iran. 
Chapter 5 explains a holistic analysis for mapping landslide susceptibility by applying 
geographic object-based random forest in the Hyrcanian forests. It attempts to explore 
influential conditioning and triggering factors that are controlling the susceptibility of 
protected and non-protected forests to the landslides. It highlights how some prolonged 
anthropogenic triggers such as forest fragmentation, logging, and mining affects the 
susceptibility of forest areas to landslides. 
Finally, Chapter 6 expresses concluding remarks, presents the scientist relevance and also 
discusses shortcomings and the future work for improving approaches.  
In addition, this dissertation includes three Appendices for supporting Chapters 2, 3, and 5. 
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2.1 Abstract 
This study aimed to examine deforestation and residential growth trends and their spatial 
dependencies from 1972 to 2010 in the Northeast of Iran. First, change rates of forests and 
residential areas were mapped using Landsat satellite images in 1972–1987, 1987–2000 and 
2000–2010. Then, the forest change patterns were interpreted using univariate local Moran’s I 
(local univariate spatial autocorrelation). The spatial autocorrelation between deforestation 
and residential growth was tested through bivariate local Moran’s I (bivariate local spatial 
autocorrelation). Furthermore, the spatial relationships between deforestation and residential 
growth rates were quantified by ordinary least squares, spatial lag and geographically 
weighted regression. Results indicated that approximately 25% of forests have been converted 
to other land-use types in the span of 38 years, since 1972. Local univariate spatial 
autocorrelation maps showed that significant values of high–high cluster scattered in all 
locations in the first span, in the east and south aspects in the second duration, and the eastern 
part in the third span. Bivariate local spatial autocorrelation indicated a meaningful Moran’s I 
values of −0.12, −0.26 and −0.20 between deforestation and residential growth, chronologically. 
Analyses of spatial regression models showed that geographically weighted regression 
performed better than spatial lag and ordinary least squares in the first (R2 = 0.315, AIC = 6,160) 
and third periods (R2 = 0.27, AIC = 6,351), whereas, the validity of spatial lag was the highest 
in the second period (R2 = 0.36, AIC = 6,288). However, the overall trends of deforestation and 
residential growth have decreased, but the rate of deforestation induced by residential growth is still 
significant. Spatial exploration of residential growth in deforestation leads to determine its influences 
in local scale for better conservation of these valuable natural resources. 
2.2 Introduction 
Deforestation and forest degradation are main factors of climate change aggravation such as  
CO2 increase in the atmosphere, carbon stocks reduction [28,133], changes in floodplain 
sediment deposition rates [30], changes in hydrology and water quality [32], increase in soil 
erosion and flood [29,31], desertification [36] and occurrence of mass movements [37]. The 
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aforementioned concerns are increasing in developing countries because of drastic forest 
conversion to other land-use types, which is connected to demographic changes, socio-
economic issues, forest conservation, forest management, and environmental factors [134]. 
Hence, quantifying the effects of significant variables on deforestation and forest degradation 
leads to succeeding actions to reduce and deal with their adverse outcomes. 
Iran is recognized as a unique region because of the diversity of flora and genetic reserves 
of 8,200 plant species, which bring huge benefits, including valuable biodiversity and soil and 
water conservation [135]. The forests of Iran have been extensively depleted over the past half-
century, both in the north and west [18,136–138].  Hyrcanian forests are located in the north, 
which consists of 15% of the total Iranian forests. They are classified as humid and commercial 
forests. These forests have been in government ownership since 1962 and managed by the Forest, 
Range, and Watershed Organization (FRWO). About 70% of Hyrcanian forests are under the 
forest management plans in Iran [122]. According to the report of the World Bank [18], these 
forests diminished from 3.4 million ha in 1944 to 1.9 million ha in 2001. The World Bank [18] 
estimated the average annual rate of deforestation to about 45,000 ha in the last 22 years. 
Numerous studies pointed to the expansion of farmlands and clear-cutting of timber as the 
major causes of deforestation; wood overutilization, overgrazing, and forest fires are the main 
causes of forest degradation [18,20]. However, some important variables, like wood smuggling 
and residential sprawl in the vicinity of forests, were less considered. The effects of spreading 
residential areas onto deforestation are particularly important [19,21]. The high population 
growth rate in developing countries was introduced by some scholars as one of the most 
significant variables in raising the demands for expanding settlements and farmlands through 
removing forests in tropical forests [19,139], north of Ethiopia [140], and Hyrcanian forests 
[141,142]. Moreover, Iran experienced rapid population growth during the past half-century. 
The population approximately doubled since 1978 [143], as a result, the conversion of natural 
resources into man-made features has increased accordingly [122]. For instance, Davudirad et 
al. [144] showed extending of residential areas induced by exploding of the population has 
occurred during 35 years in the Shazand Watershed, Iran, while vegetation areas were 
extensively removed and replaced by settlements, industrial zones and farmlands. Geymen 
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[145] demonstrated that the most deteriorations of forests and basins nearby Istanbul city were 
resulted of rapid settlements and population growth from 1975 to 2005 in this metropolitan.  
In recent years, monitoring of land-use/land-cover changes has been possible with 
medium-resolution and high-resolution remote-sensing data. Landsat imagery data have been 
used to study the expansion of urban and rural areas [146–148]. Similarly, deforestation is 
frequently estimated because of the conversion of forests into residential areas to extend 
urban, suburban, or rural settlements [149–151]. Jeon et al. [152] for instance, studied the trends 
and drivers of forest change using Landsat imagery data in New England between 1990 and 
2005. The outputs indicated that the average annual deforestation rates were about 0.19% in 
1990–2000 and 0.15% in 2000–2005. Residential and industrial expansions, such as house 
foundation, buildings, and golf courses (by an average of 47% since 1970), were the main 
drivers of deforestation. Furthermore, Eltom et al. [153]  found that urban development caused 
about 100% of the deforestation in the El-Obeid town, Western Sudan from 1972 to 2010 
through the TM data interpretation. 
It is important to visualize the spatial nature of deforestation in each location in 
comparison with other neighbourhoods and drivers. For this purpose, Moran’s I is the most 
common test statistic for spatial autocorrelation, which includes tests for visualizing of 
clustering through the global test and creating significant and cluster maps through local test 
statistics such as local univariate spatial autocorrelation (LISA) and bivariate local spatial 
autocorrelation (BiLISA) [11,68]. In the traditional spatial autocorrelation, the overall pattern 
of spatial associations in observations is summarized into a unique coefficient, such as Global 
Moran’s I or Global Geary’s C, while local spatial autocorrelation indicators, for each 
observation, give a degree of spatial clustering of similar values nearby observations [68].  
LISA measures spatial clustering (i.e., neighbourhoods with similar values) and spatial 
dispersion (i.e., neighbourhoods with the disperse or different values) of features for a variable 
and Lag the same variable in nearby locations, whereas BiLISA focuses on spatial clustering and 
spatial dispersion between features of a variable and another different variable in nearby locations 
[11]. Some new efforts have been made to compare the performance of local spatial autocorrelation 
indices with the traditional approaches in characterizing landscape patterns. For example, 
Southworth et al. [71] discussed the capabilities of a combination of satellite data and LISA 
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(parametric) in interpreting clusters and outliers of forest fragmentation in comparison to a 
discrete standard analysis of a forest/non-forest classification with traditional landscape metrics 
(non-parametric). Fan and Myint [154] showed that there is a significant relationship between local 
autocorrelation indicators and derived FRAGSTATS metrics from satellite data in evaluating 
landscape patterns, and the local Moran’s I acts as a strong indicator of heterogeneity for the entire 
landscape and each land-use type. Although there are a few literatures about utilizing of spatial 
autocorrelation in deforestation and residential growth but recently Salame et al. [72] have used 
Moran’s spatiotemporal statistics for analysing forest fires, and deforestation occurred from 1999 
to 2004 in the Amazon forests, Brazil; Salvati and Carlucci [155] studied urban growth and land-
use changes in the two Mediterranean zones through global and local spatial autocorrelation 
indexes to identify clusters and outliers of the aggregate data in regions as well.  
Moreover, finding a logical statistical relationship between the deforestation and residential 
area growth rates could be useful to quantify its influence and prioritize this variable in forest 
conservation programs at the local and national levels. Common regression methods can only 
analyse the relationship between the dependent and independent drivers but cannot consider 
spatial dependence [156]. The local spatial analysis creates a relationship between the results of 
spatial techniques and visualization capabilities of Geographical Information Science (GIS) [12], 
whereas the spatial patterns are ignored in correlations of global statistics [74]. Hence, spatial 
regression techniques, including the spatial lag (SL) model, spatial error (SE) model [11,156] and 
geographically weighted regression (GWR) [12,157], have been used to analyse the spatial 
determinants in deforestation  [74,75] and residential growth [158–160].  
GWR is actually a spatial technique that simultaneously applies (X, Y) or (long, lat) 
locations with attribute fields in regression analysis. In addition, it considers geographical 
dependencies by considering a spatial weighting method, which assumes that neighbouring 
locations are more similar than remote ones. GWR methods obtain much better fits to data 
because the residuals are less spatially dependent and act as spatial microscopes, through 
which a series of nearest neighbours can be examined to find the best local spatial pattern and 
discover future steps [12,161]. Luo and Wei [76] employed global and logistic regression 
methods to model the potential of urban expansion versus a number of spatial independent 
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variables in Nanjing City, China. Their results showed that the logistic GWR performed better 
than the global logistic model considering goodness-of-fit and residuals terms. Chen et al. [160] 
examined the drivers of urbanization in the central districts of Guangzhou between 1980 and 
2000 using satellite imagery data and spatial regression models. Their results indicated that 
the spatial regression techniques (SL and SE) performed better in explaining their spatial 
distribution than the ordinary least squares (OLS) regression. According to Pineda-Jaimes et 
al. [73], GWR demonstrated better efficiency as a tool for local analysis in the description of 
deforestation drivers by comparing global statistical methods. Their model also showed spatial 
variability in some explanatory drivers related to the deforestation in the state of Mexico.  
Although some statistical models, such as general and logistic regression models, have 
been accomplished to study deforestation and land-use changes in some research, spatial 
autocorrelation models have been rarely applied in these studies. Therefore, first, we aim to 
evaluate deforestation and residential growth rates of the Gorganrood basin using Landsat 
images in three spams including 1972–1987, 1987–2000 and 2000–2010 in the northeast of Iran. 
Then, we examine the spatial trend patterns of deforestation by LISA and spatial 
autocorrelation between deforestation and residential growth using BiLISA. Ultimately, we 
compare the performance of OLS, SL and GWR models in explaining the relationship between 
deforestation and residential growth rates. 
2.3 Materials and Methods  
2.3.1 Study area 
The study area is a part of the Gorganrood basin with an area of 10,825 Km2, which is located 
in the Golestan Province, southeast of the Caspian Sea, northeastern Iran. It lies between the 
latitudes of 36°30′ and 37°50′N and the longitudes of 54°05′ and 56°30′E (Figure 2.1). This site 
is heterogeneous based on the climatic regimes, terrain complexity, and land-use. 
The elevation ranges between −30 and 3,360 m asl. According to the De-Marton climate 
classification system, the area’s climate includes humid and semi-humid in the south and the 
Mediterranean in the middle and north parts. The temperature varies between –5.5°C and 
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33°C. The mean annual precipitation is 615 mm [128]. The main land-use types are forests, 
rangelands, agricultural lands, water bodies, and residential areas.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 2.1 The location of Hyrcanian forests in Iran (a); Gorganrood in Hyrcanian forests (b); and 
Gorganrood basin (c) 
Moreover, the Golestan National Park, which is located in this basin, is one of the biggest 
biosphere reserves in Iran registered in UNESCO with flora biodiversity of over 1,400 species 
and fauna of about 50% of the total mammal species of Iran [122,130]. The upper portion of 
this area is mostly covered by lush Hyrcanian temperate broadleaved deciduous forest, which 
has provided a centre of biodiversity for many thermophilous tertiary relict species in West 
Eurasia [130] and rangelands, while the lowlands included farmlands.  
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During recent decades, this basin has experienced rapid urban and rural expansion and 
drastic population changes because of migration and local growth. Based on the latest national 
census of population and housing in 2011 (http://www.amar.org.ir), the population in the 
study area was 921,000 people, namely a population density of 85.1 people km–2. Before 1976, 
the area included two main cities, Gorgan and Gonbad, 10 towns and around 720 villages, 
with almost 131,000 inhabitants in the towns and 261,000 inhabitants in the rural areas [162]. 
In 2010, the number of main cities increased to eight with 15 towns and approximately 391,000 
and 530,000 resident populations in the cities and villages, respectively [163]. Consequently, the 
rapid residential growth and population explosion led to the mismanagement of natural 
resources such as deforestation, land-use change and soil degradation [164]. 
2.3.2 Data description 
Landsat satellite imagery data [165] (Table 2.S1) provided by the United States Geological 
Survey available at http://earthexplorer.usgs.gov/ for 1972 (Landsat 1; 20.Sep.1972), 1987 
(Landsat 5; 23.Jun.1987), 2000 (Landsat 7; 20.Jul.2000) and 2010 (Landsat 5; 06.Jun.2010) were 
used to monitor the deforestation and expansion of residential areas in the study area. 
Moreover, digital topographic maps (scale of 1:25,000), aerial photos provided in 1966 and 
1991 by Iran’s National Cartographic Centre, Google Earth and field observations in 2010 were 
employed to create ground control points (GCPs) and training pixels for classification of 
Landsat data. The population data collected by the national census of Population and Housing 
data (http://www.amar.org.ir), since 1966 until 2011 with an interval of 10 years [162,163,166–
169], were used to estimate the percentage of population growth rates (% y–1) and population 
density (people km–2) in three study periods. 
2.3.3 Methodology 
The study was carried out in four main steps, namely, (1) forests and residential areas 
detection, (2) monitoring of deforestation and development of residential areas, (3) accounting 
of spatial autocorrelation, and (4) analysis of spatial regression methods, as follows. 
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2.3.3.1 Forests and residential areas detection 
Supervised classification techniques were applied to detect forests and residential areas in 
each Landsat image through the training dataset and an appropriate set composition of images 
[170]. The signature data were digitized on colour composite images using the collected GCPs. 
The final stacked images were a combination of main bands and auxiliary extracted images 
from the spectral and spatial processing, which had an optimal spectral separability (greater 
than 1.9) tested by transformed divergence [171]. Then, available parametric algorithms were 
carried out in ERDAS IMAGINE software to classify the images into three categories: forests, 
residential areas, and other features. For this purpose, maximum likelihood [170], fully-fuzzy 
supervised [172], minimum distance [173], and Mahalanobis classifications [174] were run in 
ERDAS IMAGINE (www.erdas.com).  
The validation of classified images was based on the collected GCPs data through the 
sampling of different references: aerial photos from 1972 and 1987, digital topographic maps 
for 2000, and field observation samples and Google Earth images of 2010. Then, a confusion 
matrix was established. The overall accuracy, Kappa statistic, producer’s accuracy, and user’s 
accuracy [175] were estimated with confidence intervals of 95%  [176,177]. The final classified 
images selected had a minimum level of accuracy of at least 85% and Cohen’s Kappa 
coefficient of up 0.75 [178,179] for each year in eight classes including forest lands, residential 
areas, farmlands, rangelands, orchards, water bodies, salt lands, and bare lands. 
2.3.3.2 Monitoring of deforestation and growth of residential areas 
In this step, a 200 × 200 m regular grid was designed to estimate the ratio of forest change and 
residential growth in each cell in 1972–1987, 1987–2000, and 2000–2010. The magnitude of 
deforestation for each period (𝐷𝑓 ) was obtained using equation 2.1 and the proportion of 
residential area expansion (Gr) using equation 2.2 [180], separately. 
𝐷𝑓 =  
𝐹𝑎 − 𝐹𝑏
𝐹𝑎 × 𝑇
 
(2.1) 
𝐺𝑅 =  
𝑅𝑏 − 𝑅𝑎
𝑅𝑏 × 𝑇
 
(2.2) 
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2.3.3.3 Spatial autocorrelation accounting 
We used LISA to measure spatial clustering (positive local autocorrelation) or dispersion 
(negative local autocorrelation) of deforestation and residential growth rates in three periods, 
individually. Furthermore, BiLISA was carried out to measure the spatial dependence between 
deforestation and of residential growth per pixel in all three periods using Equation 2.3 [181]: 
𝐼 =
1
𝑊
(∑ ∑ 𝑤𝑖𝑗
𝑛
𝑗=1 (𝑌𝑖 − ?̅?)
𝑛
𝑖=1 (𝑌𝑗 − ?̅?))
1
𝑛
∑ (𝑦𝑗 − 𝑌)2
𝑛
𝑗=1
 
(2.3) 
where Yi and Yj are the recognized values at the cell i and j and n are the number of cells. The 
values of 𝑤𝑖𝑗 are the weight matrix for measuring the spatial dependence between the centroids 
of the cells, which are calculated based on the Queen’s contiguity weight with the first order of 
neighbour in a 3× 3 matrix [156,181]. W is the sum of weights for matrices. Generally, the values 
of Moran’s I are distributed between 1 and –1, but values greater than +1 or less than –1 
sometimes occur [182]. If deforestation ratios exhibit perfect spatial dependencies, Moran’s I 
would be approximately +1; no autocorrelation results in a Moran's I near zero, which shows a 
random spatial distribution of deforestation. A negative autocorrelation describes a pixel with a 
high value of deforestation likely tends to be a neighbour with nearby pixels with low 
deforestation, which indicates sporadic deforestation [183]. The spatial dependence of growth 
in residential areas was computed in the same way. LISA and BiLISA were tested under the null 
hypothesis of non-spatial autocorrelation at significance levels of 0.01 and 0.05 and at least 999 
permutations (Figure 2.2d–f) by GeoDa software [156,183]. 
The results of BiLISA consisted of significance maps, cluster/outlier maps, and Mantel 
correlogram [184]. Cluster maps, which indicate positive and negative spatial association, 
were classified into four spatial correlation types, including two cluster categories high–high 
and low-low (Figure 2.2g–i). The output would be high–high if a pixel with a high value is 
surrounded by the same high observed values, and the result would be low–low if a pixel with 
low value is surrounded by neighbours with low values. Moreover, the outputs consisted of two 
outlier categories, which imply negative spatial association, and appeared when a high value 
was surrounded by low values (high–low) and vice versa (low–high) (Figure 2.2g–i), [185]. 
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2.3.3.4 Spatial regression method analysis 
The relationship between the ratio of deforestation and residential growth was modelled 
through spatial autocorrelation regression techniques. The spatial regression models, 
including SL and GWR, consider the spatial autoregressive structure on regression residuals 
unlike common regression models, such as the OLS or stepwise regression methods [186]. The 
SL model depicts the spatial dependence in the dependent variable [160] as depicted in 
Equation 2.4 [156]. 
𝑌 = 𝜌𝑊𝛾 +  𝑥𝛽 + 𝜀        𝜀 ≈ 𝑁(0, 𝜎2) (2.4) 
where Y is a vector of the deforestation rates of the cells in the study area, β is the coefficient 
of the rate of residential area growth (x), ρ is the autoregressive parameter, Wγ is the SL 
dependent variable as a smoother of neighbouring values, and ε is a parameter with zero mean 
and variance σ2. 
The GWR model was applied to estimate the deforestation rate caused by residential area 
growth in ArcGIS 10.1. GWR is known as a developed form of the OLS model, which considers 
the spatial location and computes the R2, t-values and coefficient model [12]. It can be 
interpreted as: 
𝑌𝑗 =  𝛽0 (𝑥𝑗, 𝑦𝑗) + ∑ 𝛽𝑖(𝑥𝑗, 𝑦𝑗) 𝑥𝑖𝑗 + 𝜀𝑗  
𝑛
𝑖=1
  (2.5) 
where 𝑌𝑗  is the deforestation ratio at the UTM location of (𝑥𝑗 , 𝑦𝑗), with an intercept of 𝛽0 and 
local measured coefficient of 𝛽𝑖  for the growth rate of residential areas as the independent 
variable of 𝑥𝑖𝑗. All locations were weighted based on their distance to observations and their 
distributions through the Adaptive Gaussian kernel [187].  
We measured their efficiency through model fit statistics, including R2 and pseudo R2, 
Akaike Info Criterion (AIC), log likelihood, and Schwarz criterion [183], to determine an 
appropriate spatial regression model. Higher values of R2 and log likelihood and lower values 
of AIC and Schwarz criterion indicate better fits. We examined the spatial variability by F 
statistic test to analyse the significant spatial variations of coefficients in the GWR model at a 
significance level of 0.05 [188]. 
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2.4 Results and discussions 
2.4.1 Results of deforestation and residential area growth 
The results indicated that the applied supervised algorithms, which were maximum likelihood 
[170] in 1972 and 1987, and also full-fuzzy classification [172] in 2000 and 2010 (Table 2.1), had 
reasonably good accuracy in detecting forests and residential areas in the study area (Table 
2.1). The overall observation accuracy was 90% for the classified image of 1972 and the Kappa 
coefficient was about 79%. The producer’s accuracies of the forest class and residential area 
were 94% and 91%, respectively. The classified Landsat TM achieved the highest accuracy with 
an observed agreement of 86% and the Kappa coefficient of 77.47% in 1987 through the 
maximum likelihood classifier. The full-fuzzy algorithm, which was the strictest method of 
Enhanced Thematic Mapper (ETM) and Thematic Mapper (TM) classification of 2000 and 2010, 
achieve accuracy with the observed agreement of 90.45% and 95.27% and Kappa coefficient of 
79.15% and 90.37%, respectively (Table 2.1). Moreover, the producer’s accuracies for forest and 
residential area classes recorded percentages greater than 85%. Thus, the results of 
classification accuracies are greater than that of the minimum threshold, that is, 85% of overall 
accuracy in all the qualified algorithms according to Anderson et al. [178], and an observed 
agreement of above 70% with all subclasses [179]. The distribution areas of forest and 
residential areas are shown in Table 2.1. Forestlands covered 44.84% (485,393 ha), 39.13% 
(423,582 ha), 34.89% (377,684 ha), and 33.26% (349,214 ha) of the study area in 1972, 1987, 2000, 
and 2010, respectively, while residential areas included 0.50% (5,388 ha), 0.79% (8,558 ha), 
1.44% (15,544 ha), and 1.92% (20,786 ha) of the Gorganrood basin. 
Table 2.1 Accuracy assessment results of supervised algorithms and distribution of land-cover proportions. 
 Producer’s accuracy (%) Area distribution (hectare) 
Landsat time 1972 1987 2000 2010 1972 1987 2000 2010 
Qualified Algorithm MLC MLC Full-
fuzzy 
Full-
fuzzy 
MLC MLC Full-
fuzzy 
Full-
fuzzy 
Land-cover 
class 
Forest 94.00 90.00 91.00 96.60 485448 423649 377706 360051 
Residential Area 86.00 85.00 94.00 94.00 5388 8558 15544 20786 
Other Features 84.00 88.00 90.00 94.00 591723 650352 689309 701722 
Observed Agreement (%) 86.00 89.16 90.45 95.27 - - - - 
Kappa Coefficient (%) 75.65 77.47 79.15 90.37 - - - 
Abbreviations: MLC, maximum likelihood classification. 
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The analyses of deforestation in the area depict that up to one-fourth of the forests were 
completely destroyed between 1972 and 2010. Meanwhile, the growth of residential areas has 
reached nearly four times (i.e. 20,786 ha) (Figure 2.3). The highest rate of deforestation occurred 
in 1972–1987 with 12.73% (annually ≈ 0.85%), and slightly less in 1987–2000 (annually ≈ 0.83%), 
and much lower in 2000–2010 (annually ≈ 0.47%). A considerable rate of deforestation is shown 
in the study area, as argued by other scholars about the deforestation in the other parts of Iran 
[18,136,137]. Nevertheless, the obtained annual deforestation rate was about double of that 
rate, which was computed through Pir-Bavaghar [142] at about 0.44% per annum of the forests 
in the southwest of the Caspian Sea between 1967 and 1994. The overall trend of deforestation 
descended with some sort of reduction during the second time rather than the first time and 
with a remarkable decline in the third time in the Gorganrood basin from 1972 to 2010. This 
result is consistent with the studies of Arekhi and Jafarzadeh [137] on the reduction trend of 
deforestation in the northern Ilam forests of Iran. Similarly, Jeon et al. [152] estimated that the 
forests of New England experienced an annual shrinkage rate of 0.19% in 1990–2000 and 15% 
in 2000–2005 in the USA. 
The trend of forest loss showed a negative gradient in our study site as well. The lower 
rates of forest loss occurred during the last period because FRWO supported aggressive 
conservation operations, such as establishing the special conservation unit of natural resources 
to combat wood smuggling, wildfire extinguishing, illegal logging and grazing at the national 
level in 2005; enforcing the arrangement plan of forest dwellers and out of livestock from 
forests since 2000, which about 56% of livestock and 11% of forest dwellers were transmigrated 
to outside of forest lands [189]. Furthermore, the FRWO has changed its policy from just timber 
productions to the close-to-nature forestry in Hyrcanian forests, for soil protection and 
biodiversity conservation, by stopping clear-cutting and declining logging rates from 3.05 in 
1989 to 0.72 m3 ha-1 in 2010; forests under management plans have reached from 36% first 
period to 60% in last period [122]. Meanwhile, Khalyani and Mayer [136] argued that a positive 
linear forest loss exists in the western forests of Iran from 1972 to 2009. Their study was carried 
out at a regional level, whereas our study was carried out at a local scale of Hyrcanian forests.  
In addition, the residential growth outputs (Figure 2.3a, 2.4b) describe the noticeable 
development of growth rate by over four times in 2010. The highest growth rates occurred 
Chapter 2 
 
 
 
 
during the second period with about 10% and 2.07% per annum in both rural and urban areas, 
respectively. This may be due to the huge increased of population density from 36.2 in 1976 to 
66.3 people km-2 in 1986 in Gorganrood. Furthermore, the growth of rural area (annually ≈ 9%) 
and urban regions (annually ≈ 1.8%) during the first period was considerable. The rural and 
urban expansions declined to 4.2% and 1.32%, respectively, during the third period.  
Although the rate of residential growth has decreased in last period, the calculated area 
of settlements in 2010 is four times of settlements in 1972; these results are consistent with the 
findings of other studies in sprawling residential and industrial areas in the New England 
[152], the El-Obeid Town, Western Sudan [153], and the Istanbul metropolitan [145].  Similarly, 
based on our land-cover maps (Figure 2.3), farmlands were doubled from 1972 (210,700 ha) to 
1987 (410,400 ha), as about 23.26% (49,000 ha) of them expanded in the forest lands. Although 
the residential growth rate in the first period was less than the second period, this finding 
supports the high rates of occurred deforestation affecting by farmland expansion in our study 
area in the first period. Furthermore, farmland expansions were 22% (90,150 ha) and 4.20% 
(21,000 ha) in 1987–2000 and 2000–2010, respectively. The values of deforestation induced by 
farmland expansions obtained about 40,940 ha in the second period and 15,820 ha in the third 
period. Likewise, sprawling of farmlands was known as one of the main causes of 
deforestation and vegetation degradation in the prior studies [19,134,141,144]. 
Our analyses of occurred deforestation in different altitudes indicated that the majority of 
removed forests were in the lowland forests (< 800 m) with 64.58% (80,958 ha), which are more 
affected by anthropogenic activities such as farming and expanding settlements. The mid-
altitude forests (800–1,600 m) include 30% (37,607 ha) of cleared forests with a remarkable area 
of 19,630 ha in 1986–2000, while around 5.42% (6,800 ha) of deforestation were in the montane 
forests (> 800 m). Meanwhile, the overall trend of forest loss decreased from lowland to 
montane in all three periods (Figure 2.4a). Moreover, our analyses indicated that the highest 
residential growth computed in the lowlands of our study area in all the three periods, which 
about 97%, 92.5% and 88.3% of happened growths were in 1972–1987, 1987–2000 and 2000–
2010, respectively. However, residential growth in the mid-altitude and montane lands was 
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not considerable, but we observed a steadily increased rate from the first time to last time, 
especially in mid-altitude (Figure 2.4b). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 2.3 Maps of deforestation and residential growth areas in 1972–1987 (a,b); 1987–2000 (c,d); and 
2000–2010 (e,f) in Gorganrood basin 
Chapter 2 
 
 
 
 
Undoubtedly, authors conclude that the trends of both the deforestation and residential 
growth in the current study area were at the maximum in the lowland regions and continued 
with lower trends up to the highland forests. Nevertheless, the use of statistical and spatial tests 
is inevitable if the logical relationship between these two drivers needs to be determined. Thus, 
the spatial dependence between the rates of deforestation and residential growth was analysed 
through spatial autocorrelation and regression techniques shown in sections 2.4.2 and 2.4.3. 
 
 
 
 
 
 
 
 
 
Figure 2.4 Overall trends of deforestation (a); and residential area growth (b) based on the elevation 
ranges in three study periods 
2.4.2 Spatial autocorrelation 
Results of the univariate local Moran’s statistics indicate that a significant positive spatial 
correlation exists between the rates of deforestation and residential growth in all three-study 
periods (p value < 0.01). The values of Moran’s I for deforestation steadily increased from the 
first to the last period, with the highest value recorded in 2000–2010 at 0.61, I = 0.53 in 1987–2000, 
and I = 0.36 in 1972–1987. Although the Moran’s I for the growth rate of the residential area rose 
slightly from the first to the last period, the difference between the values was not remarkable, 
which were 0.06 between the first (I = 0.54) and second periods (I = 0.60) and only 0.01 between 
second and last periods. These obtained values indicate that the spatial distribution patterns in 
both deforestation rate and residential growth were strongly clustered in all periods.  
Moreover, this argument was illustrated through the LISA and significant cluster maps in 
Figure 2.5, with two cluster categories (high–high and low–low) and two outliers (low–high 
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and high–low) that resulted from the univariate local Moran’s I statistics (the corresponding 
significant values were 0.01 and 0.05, and a random permutation of 999). Figure 2.5 shows that 
about 52%, 43% and 34% of the significant deforestation cells in 1972–1987, 1987–2000 and 
2000–2010 located in the high–high cluster, respectively. These locations were distributed 
normally in all parts of the study area during the first period, more concentration in the east and 
south in the second period, and in the south part for the last period.  
Meanwhile, the proportion of cells with significant outliers is limited to 15%, 9%, and 9.50% 
from first to the third period. The LISA presented here was pragmatic to visualize the trend 
patterns of deforestation cells in the study area, as the capabilities of LISA in characterizing 
landscape parameters and forest fragmentation has been reflected in the prior studies [71,154]. 
Moreover, we presented the BiLISA cluster and significant maps to recognize the relationship 
between the rates of deforestation and residential growth in Figure 2.6. The analyses of bivariate 
Moran’s I determined that a significant spatial autocorrelation exists between deforestation and 
residential growth in the three periods with Moran’s values of –0.12, –0.26, and –0.20, 
chronologically. The negative coefficients show the spatial distribution with dispersed patterns 
of association between these two variables in the study area; that is, cells with high–high clusters 
are not neighbours of each other. The main reason for this is the sporadic distribution of cities, 
towns, and villages in the study area, with the average distance between residential areas of 1.75 
km, and minimum and maximum distances of 210 m and 9.86 km.  
Figure 2.5 depicts that the significant locations of deforestation with high–high values of 
Moran’s I are distributed normally in all parts of the study area during the first period, with 
more concentration in the east and south during the second period and in the east for the last 
period. Similarly, the findings of other scholars using the bivariate spatial autocorrelation 
method revealed the significant influence of residential growth rate on the deforestation rate 
[19,21].  
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Figure 2.5 LISA cluster and significant maps of deforestation patterns in 1972–1987 (a,b); 1987–2000 
(c,d); and 2000–2010 (e,f) in Gorganrood basin 
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The higher rates of residential growth and farmland expansions in the three periods 
describe that the higher rates of deforestation in 1972–1987 and 1987–2000, while the lower 
rate of forest loss was the result of lower residential and agricultural sprawling rates in 2000–
2010. We analysed the most important factor of residential growth, that is, the population 
growth rate for each period to explain further. Population growth is correlated to numerous 
factors that occur in a country, such as demographic properties, socioeconomic criteria, basic 
infrastructures, spatiotemporal development, climate and natural conditions over time [190]. 
In the recent decades, the population density of Gorganrood basin has been reported to be 
constantly more than the average of Iran’s population because of natural amenities, climate 
conditions, and accessibility of water and fertile soil for agricultural activities [191]. During 
the first period, the maximum population growth rate increased by 5.83% and 6.41% per 
annum in cities and villages, respectively. During this period, the region experienced an influx 
of immigrants who moved from outside the basin and the majority of them settled in the rural 
areas [191]. Similarly, the highest rate of deforestation occurred during the first period. In 
addition, the study area experienced a drastic change in increasing of the house foundation, 
buildings, and other fabricated constructions. However, the population growth rates declined 
to 3.59% in the urban and 1.24% in the rural areas during the second period, but the expansion 
of residential areas recorded the highest values with about 66% in forest lands and as a result, 
the rate of deforestation was considerable.  
Moreover, in the second and third periods, the type of immigration inside the study area 
was by migrating from rural to big cities or from less-developed cities to developed cities [191]. 
The percentage of villages decreased by about 20% compared with the first period. In contrast, 
the number of cities and towns that increased from two and ten to eight and 15, respectively. 
Likewise, the minimum rate of population growth was computed for the third period in both 
urban (annually ≈ 2.11%) and rural (annually ≈ 0.2%) areas with a lower value of residential 
area expansion and consequently, the rate of forest loss decreased. Generally, this part of our 
results confirms the finding of prior studies [19,134,142,145,158,180] that the population 
growth as one significant driver in converting forests into other human needs, such as the 
expansion of settlements and farmlands in developing countries. In the next section, we model 
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the influence of residential growth rate on the deforestation rate in the area through some 
powerful spatial regression methods. 
2.4.3 Analysis of spatial regression methods 
The results of the model’s comparisons indicated that GWR performed better than SL and OLS 
in explaining the association between deforestation rate and residential growth in 1972–1987 
and 2000–2010 (Table 2.2), whereas the SL model performed slightly better in 1987–2000 (Table 
2.4). In 1972–1987, the model validity through statistical parameters showed that the GWR had 
the highest value of R2 (0.315) and lowest value of AIC (6,160) among all regression models 
used in the study. Nevertheless, the other two methods indicated significant performance, but 
the validity parameters of SL (R2 = 0.1,853; AIC= 6,309) were better OLS model. The coefficient 
(β) value of the explanatory variable (rate of residential growth) was obtained about 0.356, 
with a significant intercept (β0) value of 1.242 (р < 0.001) based on the GWR model during this 
period (Table 2.2). In contrast, the SL model showed the best efficiency as indicated by the 
largest R2 value of 0.36 and least AIC of 6,288, considering the significance level of 0.05 in 1987–
2000. The coefficient value of the explanatory variable was about 0.36 and the spatially lagged 
dependent, ρwy, was a strong predictor variable (P < 0.001) as indicated by the coefficient of 
0.485 during this period (Table 2.4).  
Table 2.2 Analyses of Geographically Weighted Regression and Ordinary Least Squares regression methods. 
        Geographically Weighted Regression Ordinary Least Squares 
Model estimation 
 
Estimate Standard Error Estimate Standard Error 
PI  PII  PIII  PI PII PIII PI PII PIII PI PII PIII 
Intercept (β0) 1.242*** 1.326*** 1.068*** 0.166 0.162 0.196 1.225*** 1.303*** 0.896*** 0.036 0.035 0.067 
β (x) 0.356*** 0.115*** 0.435*** 0.149 0.241 0.508 0.354*** 0.117*** 0.541*** 0.029 0.048 0.055 
Model validity 
 
Coefficient Coefficient 
PI PII PIII PI PII PIII 
R2 0.315 0.2701 0.575 0.0688 0.0029 0.1297 
R2 adjusted 0.239 0.2235 0.517 0.0684 0.0024 0.1284 
AIC  6160 6351 1813 6471 6859 2158 
     Abbreviations: AIC, Akaike info criterion; ns, not significant; PI, 1972–1987; PII, 1987–2000; and PIII, 2000–2010. 
*** p value < 0.001, ** p value < 0.01, and *p value < 0.05. 
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Our findings indicated that the power of GWR (R2 = 0.27, AIC = 6,351) was more than that 
of the OLS method. Our results also described that the efficiency of the GWR method (R2 = 
0.575, AIC = 1,813) was slightly better than the SL method (R2 = 0.548, AIC = 1,867) during the 
third period. The coefficient rate of residential growth dependency on GWR was 0.435, with a 
significant intercept value of about 1.07 (P < 0.001) (Table 2.2). The statistics for spatial varying 
and testing of coefficients of the GWR model are illustrated in Table 2.3. The R2 adjusted and 
F statistic values indicated a strong improvement in model fit by GWR over OLS in all three 
periods (Tables 2.2 and 2.3). The spatial variability tests showed there is significant spatial 
variability in the coefficient values of residential growth and intercept (Table 2.3), as the diff-
criterion values recorded less than positive two in all periods, which confirms the spatial 
variability of them in the GWR model [188]. 
Our analyses depict that the efficiency of spatial regression methods is higher than that of 
the OLS as a global regression model (Tables 2.2–2.4). This is because of considering the spatial 
dependence in the spatial regression techniques between the deforestation rate and residential 
area growth variables, which this priority has reflected by other literatures [74,75,158,160,192]. 
Moreover, the GWR model performed better than the SL model in explaining the relationship 
between forest loss and residential growth in the first and third periods. However, its 
coefficients in the second period were also significant. The results of other scholars indicated 
the better efficiency of this model in describing deforestation drivers [73] and modelling 
urbanization drivers [76]. On the other hand, these two spatial regression methods did not 
show the same performance in different periods. Particularly, GWR demonstrated the highest 
performance in the third period and then in the first period related to the values of R2 and AIC. 
Although GWR was not the preferable method in the second period, its values and coefficients 
were remarkable (Table 2.2); this outperforming of GWR, in this study, was verified by prior 
scholars [73,76]. However, SL showed more efficiency than all three models in the second 
period, but its performance in the third time was the highest, with meaningful values and 
coefficients in the first period (Table 2.4). 
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Figure 2.6 BiLISA cluster and significant maps of spatial autocorrelation between deforestation and 
residential growth in 1972–1987 (a,b); 1987–2000 (c,d); and 2000–2010 (e,f) in Gorganrood basin 
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Table 2.3 The summary statistics for spatial varying coefficients of the Geographically weighted 
regression (GWR) and geographical variability tests of local estimates. 
Abbreviations: CV, Geographical variability; PI: 1972–1987; PII: 1987–2000; PIII: 2000–2010; SD, standard deviation. 
Note: * Small values indicate the existence of spatial variability, and positive values greater than or equal to two 
represent no spatial variability [188].  
 
Table 2.4 Analyses of Spatial Lag method. 
                                                              Spatial Lag 
Model estimation Estimate Standard Error 
 PI PII PIII PI PII PIII 
Intercept (β0) 0.766*** 0.693*** 0.220*** 0.045 0.356 0.566 
β (x) 0.318*** 0.055* 0.381*** 0.028 0.039 0.041 
Ƿwy 0.315*** 0.485*** 0.581*** 0.022 0.017 0.026 
Lambda (ʎwy) - - - - - - 
Model validity Coefficient 
 PI PII PIII 
Pseudo R2 0.1853 0.3600 0.5484 
Log likelihood -3143 -3132 -923 
Schwarz criterion 6309 6288 1867 
 AIC 6292 6271 1853 
     Abbreviations: AIC, Akaike info criterion; PI, 1972–1987; PII, 1987–2000; and PIII, 2000–2010. Note: *** indicate 
the significant/important values 
2.5 Conclusion 
Landsat change-detection indicated that approximately one-fourth of Gorganrood’s forests 
have been entirely converted into man-made features such as residential areas and farmlands 
from 1972 to 2010. On the other hand, maximum residential growth happened during 1987–
2000 by an increment of 10% and 2.07% in the rural and urban areas, respectively. The most 
rate of deforestation and residential growth occurred in the lowland areas and steadily 
 
Variable Minimum 
Lower 
Quartile 
Median 
Upper 
Quartile 
Maximum 
Interquartile 
Range 
Robust 
SD 
GV test 
F Diff-Criterion* 
PI  Intercept 0.327 0.926 1.221 1.586 2.264 0.660 0.489 8.547 -168.436 
β (x) -0.373 0.167 0.346 0.515 0.934 0.348 0.258 4.738 -63.989 
PII Intercept 0.017 1.139 1.349 1.612 2.895 0.473 0.350 13.466 -295.191 
β (x) -0.992 -0.181 0.109 0.339 0.997 0.520 0.385 3.607 -40.641 
PIII  Intercept 0.219 0.528 0.773 1.407 2.738 0.879 0.651 17.996 -135.605 
β (x) -0.085 0.347 0.432 0.816 0.985 0.468 0.347 7.310 -39.695 
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declined in the montane areas. Presence of high–high cluster of LISA was seen sporadic during 
1972–1987, whereas was centred on the east during 1987–2000 and on the east and south parts 
of Gorganrood during 2000–2010. Our findings confirmed that the expansion of farmlands, 
urban and rural regions had a strong influence on forest loss, so BiLISA values were significant 
during the three different periods of observations. Moreover, high population growth led to 
the growth of farmlands, urban and rural areas, and then caused huge deforestation, especially 
in the Gorganrood basin from 1972 to 2000. Furthermore, the analysis of AIC and R2 metrics 
showed higher performance of GWR (first and third periods) and SL (second period) in 
explaining deforestation affected by residential growth in the northeast of Iran. Conversely, 
OLS, as a global regression method (without considering the spatial dependence), recorded 
the least value of model validity, estimation, and intercept versus the spatial regression 
techniques in all three periods. However, we demonstrated trends of deforestation and 
residential growth and their spatial dependencies in Gorganrood over a long span. 
Nonetheless, some effective driving force factors of deforestation and forest degradation are 
not addressed in this research, which can be considered in the future research, such as 
overutilization, forest fires, and overhunting in the northeast of Iran.  
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3.1 Abstract 
Despite facilitating transport by low-volume roads for multiple purposes, these roads also 
open corridors to the remote pristine forests and accelerate forest dynamics with deleterious 
consequences to the forest functionalities and indigenous inhabitants.  
We assessed the spatial variations of Hyrcanian forest loss, fragmentation, and degradation 
resulting from the expansion of rural, logging, and mine roads between 1966 and 2016 in 
northeast Iran. Various data were employed to generate a precise road network; the density of 
road segments was weighted on the basis of their carrying capacity during 1966–1986, 1986–
2000, and 2000–2016. Three dimensions of forest changes were retrieved using the Landsat 
time-series and object-based image analysis. The spatial patterns of high rates of forest changes 
were clustered using spatial autocorrelation indicators. The spatial regression models were 
carried out to explore relationships between forest change and road expansion. The results 
showed that rural roads were upgraded but forest and mine roads remarkably expanded in 
recent decades. The spatial variations of forest-dynamic patterns have been changing from 
forest loss (1966–2000) to forest fragmentation and degradation (1986–2016). The high density 
of rural roads was significant on the high rates of forest loss and fragmentation during 1966–
2000, and the expansion of forest and mine roads significantly intensified the rates of 
fragmentation and degradation during 1986–2016. Our findings suggest for mitigating 
destructive schemes over Hyrcanian forests, developing either protected areas or joining 
unprotected forests to the reserved areas should be prioritized. 
3.2 Introduction 
Although low-volume roads facilitate transport to rural communities, timber harvesting, mining 
operations, and resource management [193], paradoxically, they accelerate deforestation, forest 
fragmentation and degradation [33,194] with deleterious impacts on flora and fauna 
communities such as physical disturbances of forests, chemical and nutrient contaminations, 
heavy local mortality of species, a proliferation of invasive species, and facilitation of 
anthropogenic invasions in the forest ecosystem [33–35]. Although the impacts of the expansion 
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of large-scale road networks on forest fragmentation are well documented for different forest 
ecosystems [195], the holistic effects of expanding low-volume road networks on intensifying 
deforestation, forest fragmentation, and degradation are less explored, especially in sensitive 
ecosystems like Hyrcanian forests with high species diversity and environmental values. 
Forest loss, fragmentation and degradation are distinctly different processes. Forest loss 
results from the conversion of forests to non-forest lands by direct anthropogenic activities such 
as clear-cutting of forests to establish farmlands or settlements [24,70]; forest fragmentation 
refers to the breaking up of continuous forest areas into smaller patches resulting from natural 
processes or deforestation [23,24]; and forest degradation is a consequence of declining biomass 
within forests due to intensive human-natural disturbances such as logging, mining, droughts, 
forest fires and floods [24]. 
Rural roads profoundly increase spatial patterns of forest loss because new roads raise the 
accessibility to the remote forests and have a pivotal role in increasing population in the frontiers 
of forests and lead to forest colonization by clear-cutting to establish farmlands and settlements 
[70] or smuggling timbers [196]. Laurance et al. [197] confirmed the significant impacts of a high 
density of paved roads and the rural population on the high rates of forest loss in Brazilian 
Amazonia. Barber et al. [198] concluded that roughly 95% of all Amazonian deforestation located 
within a distance of 5.5 km from the road network, and the unprotected areas nearby roads have 
received remarkable deforestation compared with the protected areas. In remote forests, the 
effects of paved and unpaved roads on forest loss might be higher than the developed areas due 
to the lack of conservation programs [199]. Even a small increase in road density can cause 
extensive deforestation [200]. Moreover, expanding and upgrading low-volume roads open up 
corridors between settlement areas and remote pristine forests for logging and mining 
operations that may lead to extensive deforestation and forest degradation, especially in 
developing countries [196,201]. However, forest roads have an irrefutable role in logging [202] 
and fire-suppressing operations [203,204]. The proliferation of logging roads is considered as a 
major driver of forest fragmentation and degradation [205]. They adversely affect the 
biodiversity and forest functionalities such as a major alteration in the forest habitat, soil erosion 
[206–208], hydrological effects [33,209–212], and disrupting wildlife populations, their 
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movement and behaviour [212–215]. Likewise, widespread mining activities have remarkably 
increased forest loss in various forest ecosystems [216,217]. Mineral extraction has a strong 
relationship with infrastructure expansion that leads to mass migration and farming expansion 
into the forest frontiers results in a massive forest loss and forest degradation [218]. In the 
Peruvian region of Amazon, for example, gold mining and road construction significantly 
increased during 1999–2012, as only in 2008, they tripled the annual average of forest loss [219]. 
Sonter et al. [220] reported that mining-induced forest loss has extended to approximately 70 km 
from the mine frontiers, and about 9% of all Amazonian forest loss resulted from mining 
operations, only during 2005–2015. Although many of these studies focused on the distance to 
roads as the main driver of deforestation and forest degradation, the impact of road types is less 
well documented. We argue that every road highly affects forest loss, fragmentation and 
degradation within its optimal coverage area (OCA). Therefore, we will explore the weighted 
density of roads, which can be retrieved from the total amount of population, logging volume 
and mining weight as the carrying capacity of rural, forest, and mining roads during a specific 
period. 
The products of High-level United States Geological Survey (USGS) Landsat Surface 
Reflectance Climate Data Records (USGS 2018) have remarkably improved the long-term 
monitoring of forest dynamics [221,222] and appraised the driving forces of forest disturbances 
such as anthropogenic processes, climate changes, and socioeconomic pressures at local, 
regional and global levels [223]. Hence, different approaches have been developed to visualize 
spatial patterns of forest loss, fragmentation and degradation using time-series imagery from 
pixel to object levels [221,224–232]. However, some new research has demonstrated the potential 
of spatial autocorrelation indicators in visualizing spatial patterns of forest changes. The spatial 
autocorrelation approaches are robust in conceptualizing spatial relationships among features 
that rely on the null hypotheses in analysing spatial patterns among the features. They 
statistically determine significant hot clusters, cold clusters and spatial outliers using local 
spatial autocorrelation indices, p values, and z score [183]. Shirvani et al. [70], for example, 
reported the good performance of local spatial autocorrelation statistics including local 
univariate spatial autocorrelation (LISA) for visualizing the spatial patterns of deforestation. 
They also used the bivariate local spatial autocorrelation (BiLISA) for visualizing the spatial 
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patterns of deforestation induced by residential growth in the Hyrcanian region from 1972 to 
2010. Although some studies proposed spatial autocorrelation indices as an appropriate 
alternative for landscape metrics [154], these indicators provide valuable attributes of 
fragmented patches for visualizing spatial patterns of fragmentation at class and landscape 
levels. Southworth et al. [71] confirmed the potential of LISA for the visualization of 
fragmentation intensity in land-cover classes retrieved from the normalized difference 
vegetation index. Because the local autocorrelation indicators explore the spatial relationship 
between a location and its neighbourhoods using different connectivity approaches; therefore, 
the integration of traditional metrics and spatial autocorrelation indicators can be considered as 
a novel approach in visualizing the spatiotemporal patterns of different dimensions of forest 
dynamics. We argue that not only the spatiotemporal variations of loss, degradation and 
fragmentation of forest areas are significant but also the spatial interdependency between the 
dimensions of forest changes and the expansion of low-volume roads is significant. 
The growth rate of population and the demands of rural communities have caused 
unprecedented competition among planners for expanding timber harvesting and mining 
schemes in the Hyrcanian region for several decades. Therefore, road networks are noticeably 
developing with weak designation as well as massive environmental and socioeconomic 
problems [233]. Hence, a long-term investigation of transport development schemes along with 
population growth may reveal spatiotemporal negative impacts of expanding diverse road 
networks onto the magnitude of different types of forest changes [233]. This is important for the 
conservation, particularly to avoid the expansion of new roads in pristine forests or the 
remediation of available roads in favour of the forest ecosystem. 
In this study, we quantify forest loss, fragmentation and degradation resulting from 
expanding rural roads, forest roads and mining roads in the Iranian Hyrcanian region for the 
last 50 years during three periods (1966–1986, 1986–2000 and 2000–2016). The three dimensions 
of forest dynamics are assessed through the interpretation of Landsat time series and object-
based image analysis (OBIA) as well as spatial autocorrelation indicators. We test rigorous 
spatial dependence models to determine the relationship between the dimensions of the three 
forest dynamics and three road types (i.e. rural, forest and mining roads) in the aforementioned 
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times. Our spatial analysis is a combination of novel approaches for calculating road density and 
using objects for visualizing forest loss and fragmentation and analysing Landsat time series for 
estimating forest degradation in the Hyrcanian region.   
3.3 Materials and Methods  
3.3.1 Study area and data 
We selected the eastern part of Hyrcanian forests in the Golestan Province, Iran, with an area of 
445,000 ha (Figure 3.1), which were less affected by human activities in 1966 for the current 
research. The study area is divided into 15 rural districts including 195 villages and eight cities in 
2016. The Hyrcanian deciduous broadleaved forests are the only relics of pristine temperate forests 
by a rich diversity of woody species [234]. The largest national park of Iran, Golestan National 
Park, is located in this region with about 50% of total mammal species and 30% of the total birds 
of Iran and more than 1,400 registered plant species by United Nations Educational, Scientific, and 
Cultural Organization in 1976 [122,130]. The majority of these forests are located in the mild-
altitude (800–1,600 m) that is dominated by tree species of Quercus castaneafolia, Carpinus 
betulus, Acer velutinum, Parrotia persica, and Ulmus glabra [122]. 
Timber harvesting has begun in these forests since the 1960s, as the number of Forest 
Management Plans (FMPs) has reached 17 cases in 2016 (Figure 3.1). Although the single-tree 
selection method is the current timber harvesting system in the FMPs, few other harvesting 
systems such as clear-cutting and partial cutting (e.g., unique block and shelterwood) were 
undertaking during the beginning time periods of logging operations in Hyrcanian forests 
[235,236]. Moreover, the number of mine plans has reached 29 cases in 2016, dominantly coal 
and quarry mine types (Figure 3.1).  
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Figure 3.1 The location of the study area in the Hyrcanian forests and the spatial distribution of the current 
forest management plans, mining plans, protected forests and road networks in northeastern Iran 
We collected required data from a variety of references including the aerial photos (1:20,000) 
of 1966; analogue topographic maps (1:50,000) of 1957; two- and three-dimensional digital 
topographic maps (1:25,000) of 1991 and 2003; the open-access Level 1 Terrain-Corrected of 
Landsat 1–5 multispectral scanner data obtained from 1972 to 1986 with a total of 56 candidate 
images; Landsat surface reflectance Level 2 science products of Landsat 4–5 Thematic Mapper, 
Landsat 7 Enhanced Thematic Mapper Plus, and Landsat 8 Operational Land Imager from 1986 
to 2016 with a total of 278 candidate images. Population data were obtained from the national 
census of Population and Housing data (http://www.amar.org.ir) in 1966, 1986, 1996, 2006, 2011 
and 2016 [126,162,163,166–169]. The data of logging volumes were extracted from the booklets 
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of the FMPs for the parcels in the three study periods. We retrieved the time-series data of 
mining plans from the reports of the Statistical Centre of Iran (http://www.amar.org.ir) and 
online database of Iranian Mining Organization (http://www.ime.org.ir) as well. 
3.3.2 Methods 
3.3.2.1 Expansion of rural, forest and mine roads (low-volume roads) 
3.3.2.1.1 Extraction of road networks 
A combination of data from aerial photos, topographic maps, Landsat data, the maps of FMPs 
and mine plans, as well as Google Earth images were used to generate an accurate road 
network including rural, forest and mine haul roads. We vectorized the roads of 1966 from 
1:20,000 scale aerial photos and 1:50,000 scale topographic maps. The roads of 1986 and 2000 
were updated using 1:25,000 digital topographic maps, the maps of the FMPs, and Landsat 
images. Google Earth images were used to update the changes in roads in 2016 as well. We 
classified the road networks into six categories on the basis of the legends of topographic maps, 
the layers of the FMPs and mine plans in the studied years. Rural roads are classified as low-
traffic volume roads to provide access for multiple uses in non-urban areas, recreational sites, 
farmlands, and rangelands [193]. Paved roads, gravel roads, dirt roads, and local trails are 
classified as rural roads. Forest roads are designed to serve logging operations, recreational 
and scenic attractions, and studying operations of forest ecosystems. Skid trails, as temporary 
pathways, are used for skidding logs to the log landings [237]. Mine haul roads are used for 
transporting a variety of trucks for carrying ore and waste from different types of mines [238]. 
3.3.2.1.2 Road density 
The primary density of rural, forest and mine roads (RD(r, f, m)) were calculated by dividing 
the total length of roads (𝐿) by the extent of residential areas, logging plans and mining plans 
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for the three periods. The OCA of roads was determined depending on the average distance 
between roads (𝑅𝐴) as Equation 3.1.  
𝑅𝐷(𝑟, 𝑓, 𝑚) =
∑ 𝐿 (𝑚)
𝑎𝑟𝑒𝑎 (ℎ𝑎)
, 𝑅𝐴(𝑟, 𝑓, 𝑚) =
10000
2𝑅𝐷
 ; 𝑂𝐶𝐴 (𝑟, 𝑓, 𝑚) = 𝜋 × RA2. (3.1) 
To determine the density of roads, we weighted the road segments on the basis of their 
carrying capacity including population, logging volume and material weight. Weighted road 
density was calculated in the neighbourhoods of each hexagonal cell, as the length of the 
segment(s) of each road falling within the OCA multiplied by its weight (Equation 3.2). These 
weighted values refer to the rural population that had access to a rural road within a period; 
the total volume of logging that carried through a forest road during the period; and the total 
weight of mining materials that carried through a mine haul road during the period. 
The total value was divided by the OCA of the road types (Equation 3.2) 
𝑊𝑅𝐷𝑗(𝑟, 𝑓, 𝑚) =
∑ 𝐿𝑖𝑗×
𝑛
𝑖=1 𝒲𝑖𝑗
(𝑂𝐶𝐴)
, (3.2) 
where 𝑊𝑅𝐷𝑗  is the weighted road density of rural (𝑟), forest (𝑓) and mine (𝑚) roads at the jth cell 
in each period; 𝐿𝑖𝑗  and 𝒲𝑖𝑗 represent the length and weight of segment i at the jth cell, respectively. 
3.3.2.1.3 Changes in road density 
We designed a hexagonal cell about the same size as the OCA of the roads, thus allowing us 
to localize the changes of road density and forest changes within each hexagonal cell during 
the three time periods. The expansion of road density was calculated using Equation 3.3 for 
each hexagonal cell during each period.  
𝐷𝑊𝑅𝐷𝑗(𝑟, 𝑓, 𝑚) =
𝑊𝑅𝐷𝑏𝑗−𝑊𝑅𝐷𝑎𝑗
𝑊𝑅𝐷𝑏𝑗
, (3.3) 
where 𝐷𝑊𝑅𝐷𝑗 is the increased local weighted road density at the jth hexagonal cell for the 
rural (𝑟), forest (𝑓) and mine (𝑚) roads; 𝑊𝑅𝐷𝑎𝑗 and 𝑊𝑅𝐷𝑏𝑗 are the local weighted road density 
at the beginning and the end of the period at the jth hexagonal cell, respectively. 
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3.3.2.2 Forest loss, fragmentation and degradation  
To obtain three dimensions of forest changes, that is, forest loss, fragmentation and 
degradation, we used a variety of data to derive accurate forest areas in the four study times 
including aerial photos (scale 1:20,000) of 1966 and high-level USGS Landsat Surface 
Reflectance Climate Data Records products (USGS 2018) including Landsat 5 Thematic 
Mapper (August 10, 1987); Landsat 7 Enhanced Thematic Mapper Plus (July 20, 2000); and 
Landsat 8 Operational Land Imager (August 25, 2016). We selected the images with the highest 
quality and the lowest spectral interference of forest and other vegetation types such as 
grasslands and croplands. The aerial photos were registered using Landsat images and merged 
as a single photo for facilitating segmentation and object interpretation. We designed several 
rules to detect forest,  non-forest, and forest-changed objects using OBIA [230–232,239–241]. 
3.3.2.2.1 Forests in 1966, 1986, 2000, and 2016  
3.3.2.2.1.1 Forest in 1966 
We created two new channels1  by conducting the sharpening and embossing filters on the 
aerial photo, and then we combined them with the main layer to create a multispectral photo. 
Image segmentation was carried out with a scale value of 250 to delineate homogeneous 
objects of forest and non-forest areas on the multispectral photo of 1966. Some segments were 
selected from the forest and non-forest objects as training data. To improve the accuracy of 
classification, we calculated a variety of ancillary features by comparing spectral and textural 
parameters such as brightness and textures derived from grey-level co-occurrence matrix, for 
example,  mean, standard deviation, homogeneity, dissimilarity, contrast, entropy, and angle 
second moment [241,243,244].  We optimized the large dimensions of the features to gain the 
best separation distance and dimension for classification. We applied the best result to the 
classes and then classified them using the standard nearest neighbour algorithm (Figure 3.2a). 
 
 
1 A channel is defined as a slice of wavelengths in the spectrum of electromagnetic such as blue, green, 
and red [242]. 
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3.3.2.2.1.2. Forest in 1986, 2000 and 2016 
The rule-based classification using OBIA [245–247] was applied to detect forest and non-forest 
classes within the Landsat 5, Landsat 7 and Landsat 8 images. We used the multiresolution 
segmentation algorithm for the formation of segment objects from the Landsat images. The 
optimal scale parameters were determined by trial and error, with a higher weight for the 
near-infrared band (NIR) and a higher value of compactness than shape. We defined land-use 
features following level 2 of the USGS classification system [248] to obtain an accurate forest 
classification. After sampling, various ancillary features were generated with respect to the 
spectral, textural and contextual properties of the multispectral images including the spectral 
features such as the mean, standard deviation (stdDev.), brightness and maximum difference 
(max. diff.); vegetation indices such as green vegetation index (GVI) [249], and enhanced 
vegetation index 2 (EVI2); the textural features derived from the grey-level co-occurrence 
matrix (e.g. mean, standard deviation, homogeneity, dissimilarity, contrast, entropy, and 
angle second moment); the contextual features such as the vicinity to the forest layer of the 
previous time; and topographic features such as slope. Following that, we determined the 
thresholds of the object features for each land-use class and examined a set of rules for 
extracting the forests of 1986, 2000 and 2016 (Figure 3.2b–d). The accuracy of forest layers was 
validated using provided ground truth samples and confusion matrix through user’s accuracy, 
producer’s accuracy, observed agreement, and Kappa coefficient [175]. 
3.3.2.2.2 Forest loss  
We calculated the rate of forest loss within each hexagonal cell for a particular time period 
using Equation 3.4 [70].  
𝐹𝑙 =
𝐹𝑏 − 𝐹𝑏
𝐹𝑎 × 𝑇
, (3.4) 
where, 𝑇 is the total number of years for a particular time period, 𝐹𝑎 and 𝐹𝑏 are the areas of the 
forest at the beginning and the end of the period, respectively. 
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Figure 3.2 The workflows of forest extraction from (a) the aerial photos and object-based 
standard nearest neighbour classification for 1966, and the Landsat imagery and rule-based 
object-oriented classification for (b) 1986, (c) 2000 and (d) 2016 in northeast Iran. Abbreviations: 
EVI2, enhanced vegetation index 2; GLCM, grey-level co-occurrence matrix; GVI, green 
vegetation index; max. diff., maximum difference; stdDev., standard deviation 
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Spatial autocorrelation indicators [68] were used to examine whether spatial relationships 
shape the patterns of forest loss throughout the study area by the global Moran’s I and within 
the cells by LISA. The output maps of LISA include the clusters that determine where cells 
with high rates of forest loss surrounded by each other (high–high) and where cells with 
low rates of forest loss are in the neighbourhood of each other (low–low), and also the 
outliers that determine if a cell with a high rate of forest loss is surrounded by cells with 
low rates of forest loss (high–low) or a cell with a low rate of forest loss is surrounded by 
cells with high rates of forest loss (low–high). 
3.3.2.2.3 Forest fragmentation 
Forest patches were created by overlaying the road segments on the forest polygons of 1966, 
1986, 2000, and 2016. The fragmentation rate of patches was calculated using three metrics 
including edge density, the average amount of edge per patch, and mean shape index [55] 
within the hexagonal cells for each study period. Following that, we used the global Moran’s 
I and LISA [183] to depict the clusters (high–high and low–low) and outliers (high–low and 
low–high) of forest fragmentation.  
3.3.2.2.4 Forest degradation 
Although some forests of the Hyrcanian region were not affected by direct driving forces of 
forest loss and forest fragmentation, they were degraded by intensive human activities such as 
timber harvesting, mining, and forest fires, which may decrease the density and quality of forest 
types. To address this issue, Landsat time-series images were analysed from 1972 to 1986, 1987 
to 2000, and 2001 to 2016. We selected the images that obtained during August, September or 
October of each year with the cloud cover less than 10%. Because the level of correction of images 
was 1T in the first period, the radiometric and atmospheric corrections were applied on the 
Landsat images using dark-object subtraction technique [250], and the topographic correction 
was applied using C-Correction approach [251]. Moreover, we masked all cloud and forest loss 
patches within the images for minimizing their effects on the time-series anomalies. We 
retrieved forest density using the EVI2 [67], calculated from NIR and red bands, for the selected 
month of each year (Equation 3.5). Then, the degree of forest degradation was calculated for a 
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specific year (𝑋𝑖) in compare with the mean (𝜇) and standard deviation (𝜎) of the forest density 
during the period using the z-scores distribution (Equation 3.6) [252].  
𝐸𝑉𝐼2 = 2.5 ×
𝑁𝐼𝑅−𝑅𝑒𝑑
𝑁𝐼𝑅+2.4×𝑅𝑒𝑑+1
. (3.5) 
𝑍𝑖 =  
𝑋𝑖− 𝜇
𝜎
. (3.6) 
The final forest degradation value was calculated as the median of z scores of total years within 
a cell during each period. The output values range between −4 and +4 as a higher negative 
value indicates a higher degree of forest degradation and a higher positive value indicates a 
higher degree of forest virginity. 
3.3.2.3 Spatiotemporal autocorrelation of road expansion and forest changes  
The BiLISA [253] was used to find the relationships between the expansion of road density at 
a period and its neighbourhoods in a previous time period. Likewise, we analysed the effects 
of forest changes in a period on the forest changes in the next period. The computation of 
bivariate local Moran’s I is as follows: 
𝐼𝐵 =
∑ (∑ 𝑤𝑖𝑗𝑗 𝑧(𝑝−1)𝑗 × 𝑧(𝑝)𝑖)𝑖
∑ 𝑧(𝑝)𝑖
2
𝑖
, (3.7) 
where: 𝑧(𝑝)  and 𝑧(𝑝−1)  are the standardized z scores of a period and the previous period, 
respectively. 𝑤𝑖𝑗  is the spatial weights matrix between location i and its neighbourhoods j, which 
is defined on the basis of the queen contiguity matrix with a first order of neighbour in a 3 × 3 
matrix [156,181].  
 3.3.2.4 Spatial relationships between forest changes and road density expansion  
Spatial regression models were used to find associations between the magnitude of three 
dimensions of forest change and the expansion of the density of three road types during the 
three periods. The spatial lag and spatial error models are calculated using Equation 3.8 and 
Equation 3.9 [156], respectively. 
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𝑌 = 𝜌𝑊𝑦 + 𝑋𝛽 + 𝑢, (3.8) 
𝑌 =  𝑋𝛽 +  𝜆𝑊 + 𝜀, (3.9) 
 
 
which, 𝑌 is the rate of forest loss, forest fragmentation, or forest degradation for a period; 𝑊𝑦 
is the spatially lagged dependent variable with spatial coefficient  𝜌 ; 𝑋  is the explanatory 
variables (weighted density of rural, forest and mine roads) with coefficient 𝛽; and u is the 
term of errors in the spatial lag model, which is decomposed to the spatial lag of the errors 
with the spatial autoregressive parameter λ and a normal distributed error (ɛ). 
We tested the existence of spatial dependence using the parameters of Lagrange multiplier 
statistics and Moran’s I at the 95% confidence level [156]. Moreover, the superior spatial 
regression models were selected using the highest values of R2 and the lowest values of the 
Akaike Information Criterion (AIC) from the comparison of the spatial models [156].  
3.4 Results 
3.4.1 Extraction of road networks 
The density of rural roads increased from 3.64 m ha−1 in 1986 to 4.56 m ha−1 in 2000; however, it 
slightly decreased to 4.35 m ha−1 in 2016. The growth of population led to rural road development 
during the periods of 1966–1986 and 1986–2000; the annual population growth was approximately 
7.07% and 2.12% during these time periods. The comparison of rural roads revealed that many of 
the paved and gravel roads were results from upgrading the trail or gravel roads, especially in 
1986 and 2000 (Figure 3.3). However, the road density decreased during the third period.  
The density of forest roads and mine haul roads gradually increased from 1966 to 2016 
(Figure 3.3). The number of logging plans increased from 10 in 1986 to 17 FMPs in 2016. 
Logging operations were implemented in 644 parcels (45,935 ha) during the period of 1966–
1986, of which 178,671 m of forest road were constructed for transporting the logs to the 
market. Whereas, the number of logging areas reached 956 parcels (71,383 ha) in 2000, and 
about 260,893 m of new roads were established during this time period. Furthermore, the 
number of logging areas (1,159 parcels) slightly increased in 2016 as about 304,508 m of new 
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roads were constructed over the FMPs during the third time period (Figure 3.3). Likewise, the 
development of mining plans remarkably increased the length of mine roads to 229,315 m in 
the second period and 436,826 m in the third period (Figure 3.3). The number of mine plans 
dramatically increased from 3 in 1986 to 29 plans in 2016. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3.3 Rural roads are upgraded from low levels to the high levels from (a) 1966 to (b) 1986, (c) 2000 
and (d) 2016. Unlike the cities, population density steadily decreased in the rural areas between 1986 
and 2016 in northeast Iran. However, forest and mine roads increasingly expanded from (b) 1986 to (c) 
2000 and (d) 2016 in northeast Iran 
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3.4.2 Changes in road density 
The overall aggregate of average population density reveals that approximately 795 n ha−1 during 
1966–1986, 1,446 n ha−1 during 1986–2000 and 1,753 n ha−1 during 2000–2016 were distributed along 
the rural roads. The spatiotemporal variations of weighted density of rural roads show a decrease 
in population nearby villages from 1966 to 2016 and a significant increase in population nearby 
cities during the periods of 1986–2000 and 2000–2016 (Figure 3.4). The number of cities increased 
from four in 1966 to nine in 2016, which led to the development of rural roads from 565 to 1,898 
km during the study time. In contrast, the length of trail roads decreased from 2,062 km in 1966 to 
1,365 km in 2016. The majority of villages was using the trail roads, particularly over the central 
and southern parts of the study area during the beginning of 1966–1986 (Figure 3.4a); as a higher 
population density was recorded across the trail roads in this time period in comparison with the 
second and third time periods (Figure 3.4d,g). 
The spatiotemporal variations of the weighted density of forest roads indicated that the 
average of logging volume of parcels within the OCA of roads was higher than the parcels 
out of the OCA of roads during the second and third time periods, unlike the first time period 
(Figure 3.4). The highest difference value was obtained during the third time period by an 
average of 27.71 m3 ha−1 in the parcels within the OCA, which was about 9.81 m3 ha−1 higher 
than the parcels out of the OCA of roads (Figure 3.4h). The average of logging volume was 
about 27.75 m3 ha−1 in the parcels within the OCA of roads, which was about 5.07 m3 ha−1 
higher than other parcels during the second time period (Figure 3.4e). However, the average 
of logging volume in the parcels out of the OCA of forest roads (12.41 m3 ha−1) was higher 
than the parcels in the OCA of roads (7.78 m3 ha−1) during the first period (Figure 3.4b). 
Likewise, the spatiotemporal variations of the weighted density of mine roads show that 
the average of mining extraction in the OCA of mine roads was remarkably higher than the 
plans out of the OCA of roads during three time periods (Figure 3.4c, f, i). The average of mining 
extraction was obtained 858, 1,037.7 and 1,811.54 t ha-1 out of the OCA of mine roads; and 2,503, 
2,920.86 and 3,144.2 t ha−1 in the OCA of the roads over three time periods, respectively.  
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Figure 3.4 Weighted density of the rural roads from (a) 1966–1986 towards (d) 1986–2000 and (g) 2000–
2016 has decreased; however, the weighted density of forest roads and mine haul roads from (b,c) 1966–
1986 towards (e,f) 1986–2000 and (h,i) 2000–2016 have been increased in the eastern part of Hyrcanian forests 
3.4.3 Changes in forests 
3.4.3.1 Forest loss 
The results of image classification showed that the object-based approaches performed 
satisfactory accuracy for discriminating forest from non-forest objects either by aerial photos 
in 1966 or Landsat images from 1986 to 2016 (Table 3.1). The comparison of forest areas revealed 
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that the rates of forest loss decreased from 1966 to 2016 in northeast Iran: about 20,973 ha during 
1966–1986; 17,678 ha during 1986–2000; and 6,258 ha during 2000–2016. Forest loss showed 
significant spatiotemporal autocorrelation (p value < 0.05) by I = 0.662, I = 0.674, and I = 0.557 in 
the three-time periods, respectively. The clusters with high rates of forest loss (high–high) are 
distributed in the northern parts of the region nearby the population centres and roads during 
the first time period (Figure 3.5a). These clusters extended to the central and southern forests 
during the second period (Figure 3.5d) with a higher concentration in the southern parts during 
the third period (Figure 3.5g). Moreover, the spatiotemporal correlation was significant between 
forest losses during the second period and the first period (IB = 0.246, p value < 0.05). Figure 3.6a 
depicts that the high–high clusters of forest loss in the second time period are formed in the 
neighbourhoods of forest loss areas in the first time period. Likewise, the clusters of forest loss 
in the third time period were in the neighbourhoods of the high–high cluster in the second time 
period (IB = 0.461, p value < 0.05). There are some scattered areas with a high rate of forest loss 
during the third time period which have received a low rate of forest loss during the second time 
period (high–low) in the western and southern parts of the study area (Figure 3.6d). 
Table 3.1 Accuracy assessment results of object-based classification of forest and non-forest categories 
using aerial photos and Landsat images in the northeast, Iran. 
Metrics Category User’s accuracy Producer’s accuracy 
Time  1966 1986 2000 2016 1966 1986 2000 2016 
Method  NN  RB  RB RB NN RB RB RB 
Category Forest 0.8102 0.9423 0.9245 0.96 0.9911 0.9608 0.9608 0.9320 
Non-forest 0.9841 0.9583 0.9574 0.93 0.7045 0.9388 0.9184 0.9588 
Observed agreement  0.865 0.95 0.94 0.945 — — — — 
Kappa coefficient  0.7175 0.8999 0.8798 0.89 — — — — 
   Abbreviations:  NN, nearest neighbour classification; and RB, rule-based classification using object-oriented 
image analysis. 
3.4.3.2 Forest fragmentation 
The analysis of classified forest patches indicated that the rate of forest fragmentation has 
significantly increased from 1966 to 2016. The number of forest patches has increased from 667 
patches in 1966 to 1,086 patches in 2016; the average area of forest patches was declined from 
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521 to 273 ha, and the average length of edges has increased from 4.6 to 5.6 km. High–high 
clusters of fragmented forests are distributed in the central parts of the study area during 1966–
1986, which extended to the western parts during 1986–2000, and throughout the region—
except the protected area in the east—during 2000–2016 (Figure 3.5b,e,h). 
The rate of forest fragmentation showed a significant positive correlation in the second 
and third time periods with their neighbourhoods in the first (IB = 0.351, p value < 0.05) and 
second (IB = 0.4746, p value < 0.05) time periods. However, there are some locations with a high 
rate of fragmentation in an upper time period and low rate of fragmentation of their 
neighbourhoods in the lower time period (high–low), which indicate the temporal increase of 
forest fragmentation in the study area (Figure 3.6b,e). 
3.4.3.3 Forest degradation 
The rate of forest degradation has increased from 1966 to 2016. The average rates of forest 
degradation obtained 3.18%, 4.6%, and 7.0% during the three time periods, respectively. 
Moreover, spatiotemporal patterns of forest degradation showed a significant positive 
autocorrelation in the three-time periods (I = 0.611, I = 0.608, and I = 0.634). Although the high–
high clusters of forest degradation are distributed at the margins of forests (Figure 3.5c), they 
have emerged at the heart of forests during the second and third time periods (Figure 3.5f,i). 
Spatiotemporal autocorrelation of forest degradation showed a significant negative correlation 
between the time periods of 1986–2000 and 1966–1986 (IB = –0.0209, p value < 0.05) unlike 2000–
2016 and 1986–2000 (IB = 0.0720, p value < 0.05). Although there are some locations with high–
high clusters, the number of locations with high rates of degradation during 1986–2000 and 
low rates of degradation in their neighbourhoods during 1966–1986 indicates the increase of 
forest degradation during 1986–2000 (Figure 3.6c,f). 
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Figure 3.5 Spatial patterns of forest loss show that the trend of forest loss has decreased from 
(a) 1966–1986 and (d) 1986–2000 towards (g) 2000–2016 in Hyrcanian forests. However, the 
scatter of forest fragmentation is broader in (h) the third time period in comparison with (e) 
the second and (b) the first time periods. Likewise, multiple high–high clusters of forest 
degradation emerged in the heart of forests in (i) the time period 2000–2016 in comparison with 
(f) the time periods 1986–2000, and (c) 1966–1986 
3.4.4 Spatial relationships of forest changes and road density expansion 
The diagnostics tests for spatial dependence show that there are significant spatial 
relationships between three dimensions of forest changes and the expansion of three types 
of roads in the three study time periods (Table 3.2). Lagrange multiplier indicates that spatial 
error was the superior model to describe forest loss induced by the expansion of roads 
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during 1966–1986 and 1986–2000, and forest fragmentation and forest degradation were 
affected by the expansion of roads in the three-time periods. On the other hand, spatial lag 
shows higher performance than the spatial error in expressing forest loss induced by the 
expansion of roads during 1986–2000 and 2000–2016 (Table 3.3a).  
Although the expansion of rural (β = 0.030), forest (β = 0.066) and mine (β = 0.108) roads 
significantly (p value < 0.01) affected forest loss during the second time period, only rural 
road (β = 0.131) shows significant coefficient in the first time period (Table 3.3a). There is no 
significant relationship (p value > 0.05) between forest loss and the expansion of the three 
road types in the third time period (Table 3.3a).  
 
 
 
 
 
 
 
 
 
 
  
Figure 3.6 Spatial patterns of forest loss show that high–high clusters in (a) the time period 
1986–2000 are surrounded by the same clusters in the time period 1966–1986 as well as in (d) 
the time periods 2000–2016 and 1986–2000. Likewise, significant positive spatial correlations 
occurred between forest fragmentation in (b) the time periods 1986–2000 and 1966–1986 as 
well as between (e) 2000–2016 and 1986–2000. Prevalence of high–low outliers of forest 
degradation between (c) 1986–2000 and 1966–1986 indicate the expansion of forest 
degradation trend throughout the Hyrcanian forests 
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Table 3.2 The values of the tests of diagnosing of spatial dependency and selecting the robust model.  
Variable 1966–1986 1986–2000 2000–2016 
 FL  FF  FD  FL FF FD FL FF FD 
Morans I (error) 0 3978** 0.2299** 0.4993** 0.8705** 0.2034** 0.4460** 0.4450** 0 2036** 0.5158** 
Lagrange Multiplier (lag) 975.7629** 463 0420** 816.63** 3497 675** 408.7993** 1143.987** 487.920** 409.0349** 2462.7768** 
Robust LM (lag) 0 0347 ns 3.9909* 2.47 ns 375 2454** 0.6825ns 6.877** 0.6836** 20.0202** 0.2694ns 
Lagrange Multiplier (error) 976.9805** 465 2380** 814.16** 3176.437** 409.9448** 1154 822** 487.715** 426.1948** 2462.7161** 
Robust LM (error)   1 2523* 6.1869** 0.0025 ns 54.0075** 1.8281* 17.7118** 0.4778** 37.1801** 0.2086 ns 
Conclusion SE SE SL  SL SE SE SL SE SL 
     Abbreviations: FD, forest degradation; FF, forest fragmentation; FL, forest loss; ns, not significant; SE, spatial 
error; SL, spatial lag. ** p value < 0.01 and *p value < 0.05. 
The expansion of forest roads was a significant variable in the intensifying forest 
fragmentation during the three time periods (Table 3.3b). The coefficients of forest road have 
remarkably increased from the time period of 1966–1986 (β = 0.057, p value < 0.05) to 1986—2000 
(β = 0.096, p value < 0.05) and 2000–2016 (β = 0.306, p value < 0.01). Moreover, the coefficients of 
mine road were positive and significant during 1986–2000 (β = 0.049, p value < 0.05) and 2000–
2016 (β = 0.177, p value < 0.01). The expansion of rural road was only significant on the 
fragmentation of forests during 1966–1986 (β = 0.049, p value < 0.01; Table 3.3b). 
The coefficients of mine road were positive in expressing forest degradation during the 
three time periods; however, strong effects were recorded during 1986–2000 (β = 0.224, p value 
< 0.01) and 2000–2016 (β = 0.109, p value < 0.01).  
Likewise, the coefficients of rural roads were positive and significant (p value < 0.01) during 
1966–1986 of (β = 0.766) and 1986–2000 (β = 0.167), but the expansion of forest roads was only 
significant on the forest degradation during 1986–2000 (β = 0.110, p value < 0.01; Table 3.3c). 
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Table 3.3 Spatial relationships between the standardized rates of (a) forest loss, (b) fragmentation, and 
(c) degradation with the expansion of rural, forest and mine roads.  
a 
Variable 1966–1986 1986–2000 2000–2016 
 OLS SL SE OLS SL SE OLS SL SE 
Constant 0.0632ns –0.0137ns –0.0526ns 1.9217** 0 5223** 1.0047** –0.0230ns –0.0272ns –0.0419ns 
Rural road 0.1010** 0.06315** 0.1309** 0.1776** 0.0307** 0.0089* 0.0083ns –0.0027ns –0.0113** 
Forest road 0.0687* 0.0305ns 0.0561ns 0.5407** 0.0666** 0.0134 — — — 
Mine road –0.1853* –0.0545ns 0.0050ns 0.1454ns 0.1083** 0.1058** –0.0164ns –0.0127ns –0.0170ns 
Ƿwy  — 0.4988** — — 0 9002** — — 0.4562**  
Lambda 
(ʎwv) — — 0.5050
** — — 0.9195** — — 0.45642** 
R2 0.0124 0.2789 0.2825 0.0717 0 9271 0.9354 0.0001 0.2732 0.2734 
AIC 11169.4 10270.6 10258.3 8284.45 2131.98 1913.29 5248.59 4819.48 4817.26 
b 
 1966–1986 1986–2000 2000–2016 
 OLS SL SE OLS SL SE OLS SL SE 
Constant –0.0110ns –0.0300* –0.0466** 1.5808** 1.0788* 1.4599** 0.18904** 0.13202** 0.1771** 
Rural road 0.0433** 0.0342** 0.0493** –0.0261* –0.0208ns –0.0264ns –0.0194ns –0.0167ns –0.0205ns 
Forest road 0.0909* 0.0725* 0.0570* 0.0463ns 0.0366ns 0.0963* 0.2789** 0.2234** 0.3062** 
Mine road 0.0477ns 0.0403ns –0.00001ns 0.00001** 0.00001** 0.0486* 0.1383* 0.1155* 0.1769** 
Ƿwy — 0.2948** — — 0 2703** — — 0.2637** — 
Lambda 
(ʎwv) — — 0.2961
** — — 0.2712** — — 0.2713** 
R2 0.0040 0.0977 0.0986 0.0149 0.0909 0.0913 0.0277 0.0995 0.1031 
AIC 16433.2 15972.5 15967.2 18031.9 17669.1 17665.4 18587.1 18226.6 18207.1 
c 
 1966–1986 1986–2000 2000–2016 
 OLS  SL  SE  OLS SL SE OLS SL SE 
Constant –0.1162* –0.0346ns –0.1174ns 0.1631** 0.0740* 0.1343* 0.0436ns 0.0272ns 0.0662ns 
Rural road 0.5814** 0.2675** 0.7669** 0.1353** 0.0823** 0.1675** 0.0261ns –0.0011ns –0.0092ns 
Forest road –0.1242** –0.0393ns -0.0754ns 0.0655** 0.0393* 0.1102** –0.0316ns –0.0041ns 0.00026ns 
Mine road 0.2280** 0.0699ns 0.1067ns 0.1584** 0.1051** 0.2244** 0.0685* 0.0448* 0.1095** 
Ƿwy  — 0.6594 — — 0.5350** — — 0.6567** — 
Lambda 
(ʎwv) — — 0.6624
** — — 0.5464** — — 0.6572** 
R2  0.0505 0.4510 0.4519 0.0211 0.3276 0.3352 0.0022 0.4302 0.4307 
AIC  4877.33 4206.44 4204.23 9925.08 8940.46 8914.92 13071 7 11087.3 11082.2 
Abbreviations: AIC, Akaike information criterion; ns, not significant; OLS, ordinary least squares; SE, spatial error; 
SL, Spatial lag, ** p value < 0.01, *p value < 0.05. 
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3.5 Discussion 
3.5.1 Upgrading rural roads and expanding forest roads and mine roads 
The results of road changes show that the density of rural roads gradually declined from 1966 
to 2016 (Figure 3.4). Some relocation efforts led to a decline in the population of rural areas, 
causing a decrease of road density during 2000–2016; some villages were destroyed because 
of the devastating flood of 2001 in the east of the study area, which the government decided 
to resettle inhabitants to the new remote complex villages from the forest areas [132]. 
Furthermore, the conservation plans of removing livestock from the forests have been 
implemented over all the villages by less than 20 households or dispersed single households 
in the forest areas since 2002 [189]. However, the density of forest roads and mine haul roads 
sharply increased especially during 1986–2016 (Figure 3.4). The traditional systems such as 
horse and mule logging were extensively used for skidding logs throughout the Hyrcanian 
forests during 1966–1986. Logging operations were sporadically conducted depending on the 
small-scale timber harvesting methods in the FMPs; as this system is less dependent on the 
dense road networks, therefore, forest road networks were less developed (Figure 3.4b). Since 
the 1980s, the system of timber harvesting has gradually converted from the animal power to 
the mechanized method; as the density of forest roads has been increased in the FMPs, 
therefore, parcels in neighbourhoods of the roads recorded higher volumes of logging, 
particularly during 2000–2016 (Figure 3.4e,h). Despite the current government’s actions for 
mitigating the intensive timber harvesting in the Hyrcanian forests, the construction of forest 
road networks has been accelerated during recent decades. The logging operations have 
intensified along with the development of the forest road with a higher density in the western 
and eastern parcels of the study area (Figure 3.4h). Moreover, skidding trails were developed 
for skidding logs in the locations with a weak coverage of forest road network during the third 
period. Ample damage induced by skidding trails to the seedlings, residual trees, and soil 
compaction has been reported throughout the world [254–258], as well as in the Hyrcanian 
forests [235,236,259].  
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Furthermore, the mechanization of mining has increased the operations and mine haul 
roads in the forest areas of northeast Iran. Although the legislation of eliminating destructive 
development schemes in the forests was ascertained by the parliament, the exploration and 
development of some mine types such as coal and dimension stones were predestined with 
the discretion of the Iranian Department of Environment [260]. The underground and open-
cast mining are both increasing. For example, the active sites of underground coal mines have 
increased from 6 in 2000 to 16 sites in 2016 due to their profitability in providing employment and 
fossil fuels by the organization of industry, mines and trade of the Golestan Province. Likewise, 
the open-cast mines have been increased for mining limestone and gravelly materials, for example, 
the Nilkooh-limestone-mine in the southeast of the study area (Figure 3.7). 
 
 
 
 
 
 
 
 
 
 
 
Figure 3.7 Intensified limestone extraction by the strip mine of Nilkooh has accelerated forest 
loss and forest degradation in northeast Iran (about 3 Km away from Galikesh city): the aerial 
photo shows that the hillside of the mount was covered by natural forests in (a) 1966; the 
cement factory of Peyvand Golestan was established near to the Nilkooh mount in 2003 and 
mining operations and road construction have been started since (b) 2011–2012; about 16 ha 
of forest removed for mining in (c) 2013; the mining area expanded to 22.43 and 23.82 ha in 
(d) 2016 and (e) 2018; and the mine blasting ignited forest fire in (f) July 17, 2018, and burned 
about 9.7 ha of the adjacent forests 
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3.5.2 Declining forest loss and increasing forest fragmentation and degradation 
The trend of spatial patterns of forest changes has been changing from forest loss in the past 
decades to forest fragmentation and forest degradation in the recent decades in the Hyrcanian 
forests, northeast Iran. Forest loss has been centralized along with the population centres in 
the lowland verges during the first and second time periods (Figure 3.5a,d). The residential 
growth rate was annually about 10% and 2% in the rural and urban areas, respectively; the 
population has increased from 94,200 inhabitants in 1966 to 299,700 inhabitants in 2000 
[162,166–169]. Sprawling in residential areas and expanding of farmlands were reported as the 
main driving forces of forest loss in northeastern Iran [70]. In the forested area, the annual rate 
of forest loss was obtained about 0.3% in 1966–2000, which was less than the annual rate of 
deforestation of 0.85 reported by Shirvani et al. [70] for the entire basin; as its population 
density and residential growth was lower than the entire basin during this period of time. In 
2000–2016, forest loss declined approximately 70% and 65% in comparison with the forest loss 
during 1966–1986 and 1986–2000; BiLISA maps confirm that spatial patterns of forest losses 
are significantly correlated between 1986–2000 and 1966–1986 (Figure 3.6a) and 2000–2016 and 
1986–2000 (Figure 3.6b). The primary causes for the decline of forest loss are the evacuation of 
some indigenous inhabitants from the forests to the established new counties and the 
dispossession of the majority of livestock holders from the forests and montane grasslands 
towards semi-steppe grasslands during the last period [261]. 
Although the trajectory of forest loss is declining in 2016, forest fragmentation and forest 
degradation are increasingly growing due to the proliferation of development projects and 
infrastructure in the pristine forests. Since the 1980s, timber harvesting and mining have been 
rapidly growing and then forest road and mine haul road networks have been expanding, 
which penetrated the heart of forests for transporting logs and mineral materials. In the second 
and third periods, the average of logging was 2.8- and 1.8-times higher than the average of 
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logging in the first period in the FMPs (Figure 3.4b,e,h). Moreover, the average of mineral 
exploration of these two periods was 2.04- and 9.2-times higher than the first period in the 
mining plans (Figure 3.4c,f,i).  
The continuous areas of forests have been breaking up into smaller segments from 1966 
to 2016; as the proportion of segments in 2016 is 1.63-times of the forest segments in 1966. The 
high rates of forest loss and the expansion of the rural roads increased the forest edges at the 
end of the first time period, as about 11.56% of the forests are falling into the high–high cluster 
of fragmentation in 1986 (Figure 3.5b). Following that, the development of logging and mining 
projects caused the proliferation of forest roads and mine haul roads within pristine forests as 
well, which led to increasing high fragmentation areas to 11.30% and 11.40% in 2000 and 2016, 
respectively (Figure 3.5e,h). The protected areas—with the minimum amount of road 
development—showed a few significant values of high–high fragmentation [231,262] over the 
time periods; a good example of the less fragmented protected area is the Golestan National 
Park in the northeast of the study area (Figure 3.5b,e,h). 
In 1966–2000, high forest degradation (high–high) is distributed in the southern and 
western verges of forests where are adjacent to the rangelands, therefore, the overgrazing of 
livestock was likely one of the main causes of the high degradation in these parts of the forests 
(Figure 3.5c,f). Although the rate of degradation significantly decreased by removing livestock 
within the forests and rangelands plans in the third time period (Figure 3.5i), mining 
operations have started from the central forests since the period 1966–2000 (Figure 3.4c) and 
have been extended steadily and continuously to the western and eastern parts of the study 
area during 2000–2016 (Figure 3.4i). Roughly 28% of the underground mine areas are directly 
located in the high–high clusters of degradation and about 18% of them are in the low-low 
clusters during 2000–2016. Moreover, about 60% and 40% of the open-cast mine areas fall into 
the high–high and low–low clusters of degradation in this time period (Figure 3.8). However, 
some high–high clusters of forest degradation do not fall into the mining sites in the southeast 
of the study area, they are surrounded by the rural areas that are providing workforces for the 
mining and logging operations. Also, many of these workforces are involved in other activities 
such as traditional farming and stock raising in the frontiers of the forests and mining plans. 
This finding is consistent with the earlier studies that showed forests are cleared for material 
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extractions or degraded for infrastructure development in developing countries [216,218,220,263]. 
The high number of requests for and approvals of mining concessions is a serious threat for 
degradation of the remaining pristine areas of Hyrcanian forests. As some recent research has 
pointed to the mining expansions as a real risk for the protected areas and indigenous 
territories in the forest ecosystems [218,220,264,265].  
 
 
 
 
 
 
 
 
 
 
 
Figure 3.8 In the period 2000–2016, the operations of underground and open-cast mining 
caused significant high values of forest degradation within the mines’ explorations and 
beyond the mines; logging operations caused low but significant forest degradation within 
the parcels; locations with overlaps of mining and logging operations received high values of 
degradation; protected areas received low degradation unlike the unprotected areas 
 
 
70 
 
 
 
Furthermore, forest degradation is significant in the parcels that were affected by timber 
harvesting, though the class of degradation is dominated by the low–low cluster, intensive 
logging can modify these areas into the high–high cluster in the future. Moreover, the overlaps 
between logging and mining operations created extensive forest degradation (high–high) 
during 2000–2016 (Figure 3.8). However, the protected areas recorded few high values of 
degradation [231,262] in small portions, which indicate that the development projects such as 
mining and logging significantly increased high values of degradation in the unprotected areas 
of Hyrcanian forests (Figure 3.8). Nevertheless, logging and mining operations were extended 
to the frontier or even inside the protected areas during 2000–2016 (Figure 3.8). 
3.5.3 Different impacts of low-volume road types on the forest loss, fragmentation and 
degradation 
We found that the dense rural roads entailed severe forest loss and forest degradation in 
northeast Iran particularly between 1966 and 2000. However, its coefficient is positive but not 
significant during 2000–2016 (p value > 0.05). In the second and third periods, although the 
average population density was 1.82- and 2.31-times of the first period along the rural roads, 
spatial variations of the population show that the density of population steadily moved from 
the forest areas towards the vicinity of cities in the second and third periods (Figure 3.4a,d,g). 
Hence, the expansion of rural roads facilitated access by follow on population for shifting 
forest to croplands and pastures, and illegal logging by the consequences of significant forest 
loss and forest degradation [196–200] in the optimal area of the rural roads from 1966 to 2000. 
However, the expansion of rural roads steadily continued during 2000–2016, and declining 
population density within the forest areas caused lower weight values along the rural roads; 
therefore, three dimensions of forest changes showed no significant relationships with the 
expansion of rural roads in this period of time (Table 3.3). These results support our argument 
that the allocation of weight values for road segments in their optimal area has higher 
efficiency than the calculation of road distance in the entire of the study area, which was 
applied by earlier studies [197–200,224,225] for modelling spatial impacts of road expansion 
on the deforestation and forest degradation. 
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Although forest roads showed the highest impacts on the forest fragmentation from 1966 
to 2016, their impacts on the forest loss and forest degradation were merely significant during 
1986–2000 (Table 3.3). With the expansion of logging concessions and mechanization over the 
1980s, the rates of timber harvesting and forest road construction accelerated within the 
natural forest stands focused on high-growing-stock commercial tree species in the Hyrcanian 
forests. The length of forest roads increased from 178 km in 1986 to 439 km in 2000 and 744 km 
in 2016 throughout the study area. Besides, the rates of logging heightened from 0.62 m3 ha−1 
yr−1 in 1966–1986 to over 1.62 m3 ha−1 yr−1 in 1986–2000, and 1.19 m3 ha−1 yr−1 in 2000–2016 (Figure 
3.4b,e,h). Likely, some logging operations such as clear-cutting and partial cutting along with 
intensive logging (1.98 m3 ha−1 yr−1) within the optimal area of roads increased forest loss and 
forest degradation during 1986–2000 (Figure 3.4e). However, changing timber harvesting 
system to selective logging decreased the rates of deforestation and forest degradation 
associated with logging and road building during 2000–2016, but its demand for a maximum 
coverage area by road network has significantly intensified road building and forest 
fragmentation in northeast Iran. Some studies verified significant forest loss, fragmentation or 
degradation induced by the expansion of road networks within the forest ecosystems 
[196,198,200,231,262]. Nevertheless, it is important to distinguish between the intensity of 
these three dimensions of forest dynamics resulting from the expansion of forest roads or other 
road types. 
The development of underground and open-cast mines increasingly expanded the length 
of mine roads from about 40 km in 1986 to over 435 km in 2016 within these forests. The 
expansion of mine roads was significant on the forest loss, fragmentation and degradation in the 
optimal areas of the roads since the 1986s (Table 3.3b,c); however, its impact was continued on 
the forest loss only until 2000 (Table 3.3a). These road types are proliferated from the nearest 
rural roads and facilitated access by follow on population for shifting forest to croplands and 
illegal logging. As we discussed in the previous section, the significant forest fragmentation and 
degradation are occurring due to the underground and open-cast mining operations (Figure 3.8) 
with the most terrifying intensification in the optimal areas of the mine roads (Table 3.3b,c).   
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However, sprawling open-cast mines are less than underground mines in these forests, 
they created massive deforestation and forest fires, destruction of the forest landscape, for 
instance, the Nilkooh mine (Figure 3.7), soil erosion and deposit of a large amount of sediments 
into rivers and pollution of the water table [266,267]. A small-scale intensified strip mining has 
increasingly created significant forest loss and forest degradation in developing countries 
[218,219]. Coal mines are the dominant type of underground mines in the study area. Although 
the destructive impacts of underground mines may be less than the open-cast mines, a variety 
of damages resulting from these operations is reported in the forest ecosystems such as the 
subsidence after collapsing the mine, contamination of the air and climate resulting from a huge 
amount of waste, disturbance of the groundwater and streamflow due to decreasing the water 
table [266,267], and biodiversity loss [264]. 
3.6 Conclusions 
With the contribution of time-series remote sensing data, OBIA, and spatial regression models, 
we developed a new analysis approach to retrieve 50-years variations of forest loss, 
fragmentation and degradation caused by the expansion of rural, forest and mine roads in 
northeast Iran. From this approach, we drew several conclusions. Though the expansion of rural 
roads has decreased, low-grade roads have been upgrading to the higher grades. However, 
forest and mine roads have been expanding along with the mechanization and development of 
timber harvesting and mining operations since the 1980s in the Hyrcanian forests. Besides, the 
spatial variations of forest dynamics have been changing from forest loss in the past decades to 
the forest fragmentation and degradation in recent decades throughout these forests. By the 
evacuation of population and livestock holders from the forest areas towards the remote 
locations, the trajectory of forest loss has diminished. However, intensification of logging and 
mining operations have increasingly heightened the rates of forest fragmentation and 
degradation in the pristine forests since the 1980s. Specifically, the low-volume road types have 
different impacts on the forest loss, fragmentation and degradation over the three-time periods. 
The expansion of rural roads was significant on the high rates of forest loss and fragmentation 
until 2000, and the proliferation of forest and mine roads have been significantly intensified the 
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rates of forest fragmentation and degradation in the OCAs of the roads since the 1980s. To 
mitigate these high amounts of forest changes, the integration of the unprotected forests to the 
protected areas and the prevention of destructive operations such as the open-cast mining and 
coincident logging and mining in the Hyrcanian forests are inevitable. Clearly, further research 
is necessary to demonstrate the negative impacts of the dimensions of these forest changes on 
the biodiversity, forest functionalities, natural hazards, water resources and indigenous 
inhabitants of the Hyrcanian forests. 
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4.1 Abstract 
Despite increasing efforts in the mapping of landslides using Sentinel-1 and -2, research on their 
combination for discerning old and new landslides in forest areas is still lacking, particularly 
using object-oriented machine learning approaches. This study was accomplished to test the 
efficiency of Sentinel-derived features and digital elevation model (DEM) derivatives for 
mapping old and new landslides, using object-oriented random forest. Two forest subsets were 
selected including a protected and non-protected forest in northeast Iran. Landslide samples 
were obtained from CORONA images and aerial photos (old landslides), and also field 
mensuration and high-resolution images (new landslides). Segment objects were generated from 
a set combination of Sentinel-1A, Sentinel-2A, and some topographic-derived indices using 
multiresolution segmentation algorithm. Various object features were derived from the main 
channels of Sentinel images and DEM derivatives in the seven main groups, including spectral 
layers, spectral indices, geometric, contextual, textural, topographic, and hydrologic features. A 
single database was created, including landslide samples and Sentinel- and DEM-derived object 
features. Roughly 20% of landslide-affected objects and non-landslide-affected objects were 
randomly selected as an input for training the random forest classifier. Two-thirds of the selected 
objects were assigned as learning samples for classification, and the remainder was used for 
testing the accuracy of landslide and non-landslide classification. Results indicated that: (1) The 
sensitivity of mapping old and new landslides was 86.6% and 80.3% in the protected and non-
protected forests, respectively; (2) the object features of Sentinel-2A and DEM obtained the 
highest importance with the total scores of 55.6% and 32%, respectively in the protected forests, 
and 65.4% and 21% respectively in the non-protected forests; (3) the features derived from the 
combination of Sentinel-1 and -2A demonstrated total importance of 10% for mapping new 
landslides; and (4) textural features were obtained in approximately two-thirds of the total scores 
for mapping new landslides, however, a combination of topographic, spectral, textural, and 
contextual features were the effective predictors for mapping old landslides. This research 
proposes applying a synergetic analysis of Sentinel- and DEM-derived features for mapping old 
and new landslides; however, there are no uniformly pre-defined influential variables for 
mapping old and new landslides in different forest areas. 
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4.2 Introduction 
Landslide mapping is tied to a collection of image-derived features, conditioning, and 
triggering factors using satellite imagery and digital elevation model (DEM) derivatives in 
forest ecosystems. The use of Sentinel images is progressing for mapping landslide events, 
either by Sentinel-1 [268,269] or Sentinel-2 [270]; however, synthesizing Sentinel-1 and -2 [271] 
for this purpose has not been addressed up to now, especially in applying novel techniques 
such as the object-oriented random forest in forest areas. Therefore, there is a need to compare 
influential Sentinel-derived features for mapping old and new landslides in the forest regions. 
Landslides create instability through movements or failures in slopes, which are correlated 
with anomalies in vegetation and hydrological systems [272,273]. Different characteristics of 
satellite data can be applied to mapping, classifying, identifying influential triggers, and 
assessing susceptibility and risk of landslide hazards [274]. There is high contrast in spectral, 
geometrical, textural, and contextual characteristics of landslide-caused forest-loss objects, and 
their surrounding undisturbed-forest objects, within satellite images [275–277]. Landslide 
mapping was conducted by incorporating the first-order statistics of satellite-derived features 
such as the spectral information of main bands [113,114,278], spectral indices [115,273,277,279–
286], or the second-order statistics of satellite-derived features, such as geometry [114,115,287], 
mean difference to neighbours [113–115,287], and textures derived from the grey-level co-
occurrence matrix (GLCM) [114,116,273,276,277,287–293] of images—ranging from optical 
[113,275,276,294–296] to radar [282,297–300], or a combination of them [117,282,301,302]. In 
addition to satellite-derived features, some topographic and hydrologic features, such as the 
slope and terrain ruggedness index (TRI), have enhanced the accuracy of landslide mapping 
from satellite data [276–278,287,292,303] as well. 
Recently, the number of successful studies for mapping landslides through Sentinel-1 
[268,269,304–310] has been increasing; however, little research has addressed the application 
of Sentinel-2 [270,303,311]  or the combination of Sentinel-1 and -2 [271,312] for this objective. 
Moreover, most of these studies have applied pixel-based image analysis for detecting 
landslide events using Sentinel images. Meanwhile, novel object-oriented image analysis 
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(OOIA) has demonstrated a higher accuracy not only for mapping landslides [113–118], but 
also for monitoring and updating landslides [282,313], and also for analysing the susceptibility 
of the areas to the landslide hazard [119]. 
Random forest, as a machine learning algorithm [314,315], has yielded excellent results 
for detecting objects from high-dimensional remote sensing features [316], which not only 
avoids from over-fitting of the learning data but also determines the importance of predictor 
variables [316]. It works effectively with a large number of input variables without filtering, 
rescaling, or preprocessing of them [112]. Several earlier studies have demonstrated the 
performance of object-oriented random forest for mapping landslides using LiDAR data 
[118,290,291,317–320]; however, few studies have addressed this approach for mapping 
landslides with the contribution of optical data [275,276,295]. 
Therefore, this study used the object-oriented random forest to discriminate landslide-
affected objects from non-landslide-affected objects using Sentinel- and topographic-derived 
features in a protected and a non-protected area of Hyrcanian forests, in the northeast (NE) Iran. 
Specifically, this study aimed to answer the following questions: (1) Does the combination of 
Sentinel-1 and -2A based on the object-oriented random forest lead to satisfactory accuracy for 
discerning landslides from non-landslides in forest areas? (2) What are the most important object 
features for mapping old and new landslides in forest areas? (3) Which sub-features have a higher 
effect on differentiating landslide- from non-landslide objects in the protected and non-protected 
forests?  
4.3 Materials and Methods  
4.3.1 Description of study area 
We focused our study on protected forest and a non-protected forest in the Hyrcanian 
ecoregion, NE Iran (Figure 4.1). The Golestan National Park was selected as the protected area 
(≈ 490 sq.km) (Figure 4.1a), which was registered as a biosphere reserve by UNESCO in 1976, 
with a high diversity of fauna and flora [122]. There are plentiful indications of fossil (old) 
landslides in this area, which may mean that they were induced by the topographic, hydrologic, 
Chapter 4 
 
 
 
 
or natural triggers with minimum human intervention. Furthermore, we selected a forest area 
in the neighbourhood of this protected forest as a non-protected forest (≈ 1445 sq.km) (Figure 
4.1b), which has been disturbed by a variety of climate hazards [321,322], forest fires [204,323], 
insect outbreaks [204,323], and anthropogenic drivers such as deforestation [70], timber 
harvesting, mining, and developing infrastructures from 1966 to 2016. There is some evidence 
of old and most active (new) landslide events that may occur due to the natural potential of this 
area to be a landslide hazard, or that may be induced by the anthropogenic triggers. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4.1 Location of the study areas in the Hyrcanian ecoregion, NE Iran. The Golestan 
National Park was studied as the protected forests (a), with minimum human-intervention and 
mostly old landslide events. Forests with intensive human activities were selected as the non-
protected forests (b), this area has been affected by the domination of active landslide events. 
80 
 
 
 
 
4.3.2 Landslide surveying, image collections, and ancillary data 
A variety of data references were implemented to discriminate the new landslides from the 
old landslides in the protected and non-protected forests. We sampled old landslides from 
CORONA KH-4B imagery (~2m) (Figure 4.2a,c) (Mission ID: 1110-1089Fore) of May 27, 1970 
(https://corona.cast.uark.edu/atlas), and aerial photos (1:20,000) of 1966, while new landslide-
samples were identified through field mensuration, the available database in ILWP [324], 
visual interpretation of the panchromatic band of SPOT-5 of 2005 with a spatial resolution of 
2.5 m, Google Earth images from 2010 to 2016 (Figure 4.2b), and the combined images of 
Sentinel-1 and -2A (Figure 4.2d). We obtained Sentinel-1A on October 22, 2016 (Table 4.S1), and 
Sentinel-2A on November 11, 2016 (Table 4.S2), for discriminating landslide from non-landslide 
features in 2016. Geometric, radiometric and atmospheric corrections were implemented on both 
images using the Sentinel Application Platform (SNAP) open-source software version 6 
(http://step.esa.int/main/toolboxes/snap/). The multitude of vegetation, soil and water indices 
were derived from the spectral channels of Sentinel-2A (Figure 4.3 and Table 4.1).  
The orbit state of Sentinel-1A metadata was updated using Apply Orbit File. The 
synthetic-aperture radar (SAR) backscatter values of data were obtained by the radiometric 
calibration. The image speckles were filtered using the Lee filter (3 × 3) for increasing the 
quality of the image. The Range-Doppler Terrain Correction module was used for removing 
the effects of topography on the image using an SRTM 3 sec-derived DEM [325]. We applied 
ESA’s Sen2Cor algorithm (http://step.esa.int/main/third-party-plugins-2/sen2cor/) to convert 
the bands of Sentinel-2A from the top of the atmosphere (TOA) to the bottom of the 
atmosphere (BOA) calibration. The terrain correction of data was implemented using an SRTM 
1 sec-derived DEM (http://step.esa.int/main/toolboxes/snap/). We carried out resampling to 
obtain bands with the same pixel size (10 m) of Sentinel-2 bands using the nearest neighbour 
algorithm. Finally, we stacked the selected bands of Sentinel-2 and the VV polarization of 
Sentinel-1 for object-oriented analysing, as described in Figure 4.3. 
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Figure 4.2 Samples of old and new landslides in the study areas: A new landslide sample that 
has detected on the Google Earth image in a part of the non-protected forests in 2016 (b); while 
it was not affected by the landslide in 1970 based on the CORONA image (a); an old sample 
of a landslide which was detectable in both images of CORONA (1970) (c); and Sentinel-2A 
(2016) (d); in the protected forests, NE Iran 
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4.3.3 Landslide mapping 
4.3.3.1 Image segmentation and object features 
We selected subsets for the two study areas (Figure 4.1) that have recorded a high frequency 
of landslide events. A set combination of data was applied to delineate image objects using the 
multiresolution segmentation algorithm. We tested different scales (10, 15, 20, 25, 30, 35, 40, 
45, 50, 55, and 60) and assigned the weight values of three to B11 and two for the B4, B6, B8, 
and B12 of Sentinel-2A and VV polarization of Sentinel-1A, as well as one to the remained 
bands of Sentinel-2A. To optimize segmentation, we integrated some topographic-derived 
indices such as slope, hillshade, terrain ruggedness index (TRI), and flow direction river (FDR) 
as well. The compactness and shape values were defined as 0.8 and 0.1 using the eCognition 
Developer 9. 
We calculated some object features based on the statistical information of the spectral 
layers, contextual, geometrical, and textural characteristics of Sentinel-1A, Sentinel-2A, and 
their combinations. We extracted the statistics of Sentinel-2-derived vegetation, soil, and water 
indices for the image objects as well. These image-object features (298) were used for 
discriminating landslide from non-landslide objects (Table 4.1). In addition, about 24 
topographic and hydrologic features were elicited from DEM for mapping the landslides, with 
the contribution of the Sentinel images (Table 4.1). 
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Table 4.1 Object features derived from Sentinel-1 and -2A as well as digital elevation model (DEM) for 
landslide mapping in NE, Iran. 
Type Features Statistics 
Feature Source (No.) 
S11 S22 S1S2 D3 
VV 
Polarisation 
and spectral 
layers 
VV, B4, G5, R6, RE17, RE28, RE39, NNI10, SWIR1, SWR2 
Mean, StdDev., pixel ratio, 
brightness,  
max diff. 
3 27 5 - 
Spectral 
indices 
Vegetation 11: NDVI, DVI, RVI, PVI, IPVI, WDVI, 
TNDVI, GNDVI, GEMI, ARVI, NDI45, MTCI, REIP, 
S2REP, IRECI, PSSRa, MCARI, EVI2 Mean, StdDev. 
 
- 36 - - 
Soil 12: SAVI, TSAVI, MSAVI, MSAVI2, BI, BI2, RI, CI - 16 - - 
Water 13: NDWI, NDWI2, MNDWI, NDPI, NDTI - 10 - - 
Geometry 
Extent 
Shape 
Area, length/width, shape index, 
roundness, compactness, main 
direction, density, asymmetry 
- - 8 - 
Contextual Mean diff. to neighbours 
VV, B, G, R, RE1, RE2, RE3, NNI, 
SWIR1, SWR2, NDVI, EVI2, BI 
1 9 1 - 
Textural 
GLCM14 all direction (asymmetry, angular 2nd moment, 
correlation, contrast, dissimilarity, energy, entropy, 
homogeneity, maximum probability, mean, 
StdDev.) 
VV, B, G, R, RE1, RE2, RE3, NNI, 
SWIR1, SWR2, NDVI, EVI2, BI, 
NDWI2, elevation, slope, TRI, FDR15, 
TWI 
 
 
11 
 
 
117 
 
 
9 
 
 
45 
Topography 
Elevation, hillshade, slope, aspect, curvature, plan 
curvature, profile curvature, TCI16, TPI17, TRI18 
Mean, StdDev. - - - 20 
Hydrology FDR, TWI19 Mean, StdDev. - - - 4 
1 S1: Sentinel- 1A, 2 S2: Sentinel- 2A, 3 D: DEM; 4 B: blue, 5 G2: green, 6 R: red, 7 RE1: red-edge 1, 8 RE2: red-
edge 2, 9 RE3: red-edge 3, 10 NNI: Narrow-near infrared, 11 NDVI: Normalized difference vegetation index 
[326], DVI: Difference vegetation index [327], RVI: Ratio vegetation index [328], PVI: Perpendicular 
vegetation index [329], IPVI: Infrared percentage vegetation index [330], WDVI: Weighted difference 
vegetation index [329,331], TNDVI: Transformed normalized difference vegetation index [332], GNDVI: 
Green normalized difference vegetation index [333], GEMI: Global environment monitoring index [334], 
ARVI: Atmospherically resistant vegetation index [335], NDI45: Normalized difference index 45 [336], 
MTCI: Meris terrestrial chlorophyll index [337], REIP: Red-edge inflection point [338], S2REP: Sentinel-
2 red-edge position [339], IRECI: Inverted red-edge chlorophyll index [339,340], PSSRa: Pigment specific 
simple ratio [341], MCARI: Modified chlorophyll absorption in reflectance index [342], EVI2: Enhanced 
vegetation index2 [343]), 12 SAVI: Soil adjusted vegetation index [344], TSAVI: Transformed soil adjusted 
vegetation index [345], MSAVI: Modified soil adjusted vegetation index [346], MSAVI2: Second modified 
soil adjusted vegetation index [347], BI: Brightness index [348], BI2: Second brightness index [348], RI: 
Redness index [349], CI: Colour index [349]), 13 NDWI: Normalized difference water index [350], NDWI2: 
Normalized difference water index 2 [351], MNDWI: Modified normalized difference water index [352], 
NDPI: Normalized difference pond index [353], NDTI: Normalized difference turbidity index [353]), 14 
GLCM: Gray-level co-occurrence matrix [98],15 FDR: Flow direction, 16 TCI: Terrain convergence index 
[99], 17 TPI: Topographic position index [100],18 TRI: Terrain ruggedness index [101], 19 TWI: Topographic 
wetness index [354]. 
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Figure 4.3 The procedure of discriminating landslide objects from non-landslide objects 
through the object-oriented random forest using derived features of Sentinel-1 and -2A, and 
topographic and hydrologic data in the protected forests and non-protected forests of NE Iran 
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4.3.3.2 Classification by random forest 
The random forest (RF) algorithm was applied to indicate the influential features for mapping 
landslides depending on the learning objects, and classifying them into the landslide-affected 
objects (LAO) and non-landslide-affected objects (NLAO). We used logistic regression binary 
analysis to obtain a reliable model that includes all object features [355]. RF builds numerous 
decision trees from the several random subsamples of the learning samples, and applies 
averaging to avoid overfitting and to increase the accuracy of the classification [314]. 
Approximately 20% of the objects from both the LAO and NLAO were randomly chosen for 
modelling. Two-thirds of the objects were assigned as learning samples (in-bag samples) of 
the trees, and one-third were assigned as testing samples —out of bag (OOB)— for assessing 
the performance of classification of the RF model [314,355]. We defined the number of trees to 
be built (Ntree) by 500 and 1000 for the protected and non-protected areas; the optimal trees 
at each node (Mtry) was determined depending on the square root of the total number of object 
features [356]. The variable importance (VI) was determined using the error type of the mean 
decrease in accuracy (MDA), which measures the difference between the (OOB) error of the 
outputs and the OOB error of the testing samples [314]. The performance of classification for 
LAO and NLAO was tested with respect to the confusion matrix using the metrics of 
specificity, sensitivity, precision, Kappa, negative average LogLikelihood (Neg.Av.LL), and 
the receiver operating characteristic (ROC) [357,358] for the two study forests. We scored entire 
objects based on the optimal predicted model for determining the responses of each object to 
the landslide hazard, and for mapping landslide-affected and non-landslide-affected objects 
for the protected and non-protected forests. 
4.4 Results 
4.4.1 Landslide mapping  
We found the optimal segmentation scale of 35 during the trial-and-error attempts from a 
combination set of spectral layers and topographic indices, with the optimal compactness and 
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shape values of 0.8 and 0.1 for the two study areas. We achieved the highest performance of 
random forest after the formation of 500 and 1000 trees, for discriminating landslide from non-
landslide objects in the protected and non-protected forests, respectively. The results of OOB 
showed that the accuracy values of mapping old and new landslides were obtained at 86.59% 
and 80.30% in the protected and non-protected forests (Table 4.2), respectively. Moreover, the 
overall accuracy of landslide and non-landslide classification were 80.91% and 76.81%, 
depending on the Kappa in the two study forests, respectively. We rebuilt the random forest 
model with respect to the top influential variables of discriminating old and new landslides in 
both protected and non-protected forests. The maps of landslide and non-landslide objects 
were created depending on these variables, as shown in Figure 4.4. 
Table 4.2 Accuracy assessment of discriminating landslide-affected objects from non-landslide-
affected objects derived from Sentinel-1A, Sentinel-2A, and DEM using the object-oriented random 
forest in the protected forests and non-protected forests in NE Iran 
Metrics 
Specificity 
(%)  
Sensitivity 
(%)  
Precision 
(%)  
Kappa 
(%)  
Neg.Av.LL 1 
(%)  
ROC 2 
(%)  
PF 3 85.00 86.59 75.94 80.91 35.99 94.22 
NPF 4 81.00 80.30 73.61 76.81 49.02 85.56 
1 Neg.Av.LL: Negative average LogLikelihood; 2 ROC: Receiver operating characteristic; 3 PF: Protected 
forest; 4 NPF: Non-protected forest. 
4.4.2 The importance of object features  
The results of RF indicated that the object features of Sentinel-2A and DEM have obtained the 
highest importance values for mapping landslides, by total importance values of 55.6% and 32% 
in the protected forests (old landslides), and 65.4% and 21% in the non-protected forests (new 
landslides), respectively. The features of Sentinel-1 and -2A recorded higher values in the non-
protected forests (10%) in comparison to the protected forests (4.4%), while the performance of 
Sentinel-1A in the protected forests (8%) was higher than non-protected forests (3.6%). 
The textural features showed the highest importance for discriminating landslides from non-
landslides among the features of Sentinel-1A for both protected (7.6%) and non-protected 
forests (3.9%) (Figure 4.5a). While the contextual features (16.1%) and spectral indices (22.7%) 
of Sentinel-2A performed higher than other features of this sensor for detecting old landslides 
in the protected forests, its textural features (41.4%) recorded the highest importance values 
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for detecting new landslides in the non-protected forests (Figure 4.5b). The importance of the 
geometrical (4.1%) and textual (5.4%) features of Sentine1-1 and -2A was considerable in the 
non-protected forests; however, they did not show significant importance values in the 
protected forests (Figure 4.5c). The highest importance values of the DEM derivatives were 
assigned to the topographic (19.4%) and textural (16.9%) features in the protected and non-
protected forests (Figure 4.5d), respectively.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4.4 The spatial distribution of derived old and new landslides from the top influential 
object features using the object-oriented random forest in the protected forests (old landslides) 
(a), and non-protected forests (new landslides) (b), in the Hyrcanian forests, NE Iran 
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Comparison of the sub-features’ importance (Figure 4.6) demonstrated that the top 
variables for mapping old landslides were the mean of the narrow-near-infrared channel 
(B8A) among the spectral layers; the atmospherically resistant vegetation index (ARVI) among 
the spectral indices; the mean difference to B8A among the contextual features; and the mean 
of slope among the topographic features. However, the most important sub-features for 
mapping new landslides were the standard deviation derived from the GLCM of all bands of 
Sentinel-1 and -2A, and the contrast and dissimilarity derived from the GLCM of the 
normalized difference water index 2 (NDWI2) among the textural features; the mean 
difference to the blue channel among the contextual features; the standard deviation of the 
red-edge 3 channel (B7) among the spectral layers; and the area size of landslides among the 
geometric features  
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4.5 Comparison of the importance of the image-derived features of Sentinel-1A (a), 
Sentinel-2A (b), Sentinel-1A and -2A (c), as well as the digital elevation model (DEM) (d), 
features for discriminating landslide objects from non-landslide objects in the protected 
forests (old landslides) and non-protected forests (new landslides) in NE Iran 
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4.5. Discussion 
4.5.1. Landslide mapping accuracy 
The accuracy of discriminating landslide-affected objects from non-landslide-affected objects 
was satisfactory using object-oriented random forest classification by incorporating the 
features of Sentinel images and DEM, in both protected and non-protected forests in NE Iran. 
However, the performance of classification in the protected forests under the domination of 
old landslides was higher than in the non-protected forests under the domination of new 
landslides (Table 4.2). The performance of object-oriented random forest was verified for 
landslide mapping using optical images in the earlier studies [8,9,32] as well. Although the 
utilization of Sentinel-1 and -2A has been increasing for landslide mapping in recent studies, 
most of them are accomplished by the pixel-based techniques either through Sentinel-1 
[268,269,304–307,309], Sentinel-2 [270,303,311], or a combination of them [271,312]. 
4.5.2 The importance of object features for mapping old landslides  
Our analyses indicated that the spectral features of Sentinel-2A have recorded the highest 
importance values for discriminating old landslides in the protected forests by a total score of 
33% (i.e., spectral indices: 22.7%; the first-order statistics of spectral bands: 10.3%) (Figure 
4.5b). The textural (25.5%), topographic (19.4%), and contextual (17%) features obtained 
considerable scores as well, while the hydrologic (4.6%) and geometrical (<1%) features 
have obtained lower scores for mapping old and new landslides in the protected forests 
(Figure 4.5b). These results confirm that a combination of spectral indices, topographic, 
textural, and contextual features are required for detecting old landslides from the 
background. 
Slope and TRI were among the top five influential variables for mapping old landslides. The 
slopes above 30° (Figure 4.7a) contain approximately 47%, and the TRI above 14 (Figure 4.7c) 
contains 35% of the extracted landslides using the random forest model in the protected forests. 
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Figure 4.6 Comparison of the importance of sub-features derived from the Sentinel-1A, 
Sentinel-2A, combination of Sentinel-1 and -2A, and digital elevation model (DEM) for 
mapping old and new landslides in the protected and non-protected forests. Between the 
spectral layers (a), the mean of the narrow-near infrared band (B8A) and the standard 
deviation of the red-edge 3 band (B7), were the top features in the protected and non-protected 
forests. Between the spectral indices (b), the atmospherically resistant vegetation index 
(ARVI), second brightness index (BI2), and normalized difference water index2 (NDWI2) are 
the three top features of the vegetation, soil, and water indices. Between the geometrical 
features (c), the area of extent features recorded the highest importance in the non-protected 
forests. Between the contextual features (d), the mean difference to B8 showed the highest 
importance for mapping old landslides. Between the textural features (e), the standard 
deviation derived from the GLCM of the combination of all the bands of Sentinel-1 and -2A, 
and the contrast derived from the GLCM of the NDWI2 in the non-protected forests, and also 
the standard deviation derived from the GLCM of VV polarization of Sentinel-1A in the 
protected forests, are the top influential features. Between the topographic and hydrological 
features (f), the mean of the slope, the mean of terrain ruggedness index (TRI), and the 
standard deviation of flow direction river (FDR), are top features for mapping old landslides. 
Note: B2: blue band; B3: green band; B4: red band; B5: red-edge 1 band; B6: red-edge 2 band; 
B7: red-edge 3 band; B8A: narrow-near-infrared band; B11: SWIR1 band; B12: SWIR2 band of 
Sentinel-2A; VV: VV polarization of Sentinel-1A; ALL: the combination of all the used 
Sentinel-1 and -2A bands. Definitions of other acronyms are available in Table 4.1 
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The image features that can create higher contrast between landslide-removed vegetation and 
their undisturbed neighbours have gained higher scores for discriminating landslide objects 
from non-landslide objects [275–277] in the protected forests. For example, the contextual feature 
of “mean difference to neighbours” of Sentinel-2A (Figure 7b) has gained the importance of 
about 16%, and the Sentinel-2-derived vegetation indices have gained a total value of 16.3% 
for detecting old landslides (Figure 5b). Likewise, other studies confirmed the importance of 
the mean difference to neighbours for detecting landslides using other satellite data 
[113,114,287]. Figure 6d confirmed that the mean difference to B8 showed the highest 
importance for mapping landslides in the protected forests. The performance of the mean 
difference to red or infrared bands has been highlighted for mapping landslides in the studies 
of Dou et al. [114] and Aksoy and Ercanoglu et al. [115]. The higher scores of the textural 
features were recorded for those statistics derived from GLCM-Sentinel-1A that contain the 
dispersion of objects, such as standard deviation (Figure 5a). The use of the textural features 
of VV polarization of Sentinel-1A has not yet been applied for landslide mapping; however, 
the textural features derived from the GLCM of the multi-polarized SAR have shown high 
performance in mapping landslides using a multi-classifier decision [289] as well. 
4.5.3 The importance of object features for mapping new landslides  
In contrast, in the non-protected forests, the top variables are the textural features of Sentinel-
2A, combined Sentinel-1 and -2A, and Sentinel-1A for mapping the new landslides, with a 
total importance value of 67% (Figure 4.5a-c). The spectral features were recorded, with a total 
value of 20% (i.e., spectral indices: 11%; the first-order statistics of spectral bands: 9%), whereas 
the contextual, geometrical, and topographic features have shown the same importance of 
about 4% (Figure 4.5). The influential variables of the textural features for mapping new 
landslides are GLCM-Entropy [276,287,291], GLCM-Angle 2nd moment [114,291], GLCM-
Dissimilarity [114], and GLCM-Correlation [276,287,291] of Sentinel-2A, along with the GLCM-
StDev. [114,276,293] of Sentinel-1 and -2A in the non-protected forests (Figure 4.5b-c).  
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Figure 4.7 The spatial variations of the top five important variables in the mapping of old and 
new landslides in the protected forests, NE Iran; the mean slope (a), the mean difference to 
neighbours of the narrow-near-infrared band (B8A; Sentinel-2A) (b), the mean values of TRI 
(c), the mean difference to neighbours of the red band (B4; Sentinel-2A) (d), and the standard 
deviation values of the atmospherically resistant vegetation index (ARVI) (e) 
The highest importance, among the textural features, was assigned to the standard deviation 
derived from the GLCM of all channels of Sentinel-1 and -2A (Figure 4.8a) for the mapping new 
landslides (Figure 4.6e). The other top variables were the contrast derived from the GLCM of 
NDWI2 (Figure 4.8b), the mean difference to neighbours of the blue band (Figure 4.8c), the 
dissimilarity derived from the GLCM of NDWI2 (Figure 4.8d), and the standard deviation 
values of the red-edge 3 band (Figure 4.8e). Nevertheless, some earlier researchers reported the 
superiority of other derived features from the GLCM such as homogeneity, density, mean, and 
the contrast of other satellite images for landslide mapping [273].  
Although the topographic features derived from the DEM, such as TRI [303] and slope 
[276–278], were the top variables for mapping old landslides (Figure 4.6f, 4.7a, c), the textural 
features derived from the DEM, such as GLCM-Angle 2nd moment and GLCM-Entropy [290], 
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were the important variables for mapping new landslides in the non-protected forests (Figure 
4.5d). The integration of textural-derived features from the DEM, such as GLCM-features 
[116,288], was recommended to increase the accuracy of landslide mapping in the earlier 
studies [116]. Hervás and Rosin [288] concluded that the features derived from the GLCM of 
topography facilitate landslide mapping, through differentiating between coarse and 
smoothed surfaces, or dense forest-stands and the forest areas opened by landslides. Although 
the Sentinel-2-derived vegetation indices such as the ARVI, GNDVI, TNDVI, and NDVI 
gained high importance values, some soil and water indices such as the BI2 and NDWI2 were 
recorded with high scores for mapping landslides in the protected forests (Figure 4.6b) as well. 
 
 
 
 
 
 
 
 
 
 
 
Figure 4.8 The spatial variations of the top five important variables in the mapping of old and 
new landslides in the non-protected forests, NE Iran; the standard deviation derived from the 
GLCM of all channels of Sentinel-1 and -2A (a), the contrast derived from the GLCM of 
NDWI2 (b), the mean difference to neighbours of the blue band (B2; Sentinel-2A) (c), the 
dissimilarity derived from the GLCM of NDWI2 (d), and the standard deviation values of the 
red-edge 3 band (B7; Sentinel-2A) (e) 
The vegetation indices are useful for discriminating landslide-induced barren lands, 
debris flows, and failure slopes from surrounding undisturbed-forest areas [277,280,282,284]. 
The improvement of landslide detection from different optical sensors by the incorporating 
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vegetation indices like NDVI derived from ETM+ [115,279], SPOT-5 [281], and GF-1 [277]; 
GNDVI derived from SPOT-5 [281] and Resourcesat-2 LISS-IV [284]; and TNDVI derived from 
IRS-P6 LISS-IV [286], was reported in different research. However, our results emphasize the 
application of some Sentinel-2-based soil and water indices for mapping landslides as well. 
While soil brightness indices were proposed [280] for detecting landslide-disturbed 
vegetation, and NDWI for detecting open water bodies [273,283,285], the adjusted BI and 
NDWI (i.e., BI2 and NDWI2) derived from Sentinel-2A were superior for mapping landslides 
in this study. Moreover, this study suggests a high performance of some vegetation indices 
that are less sensitive to the atmospheric effects, such as the ARVI and PVI for landslide 
mapping in forest areas. 
The final models of random forest were rebuilt, based on the top variables that at least 
have obtained an importance value of above one percent (Figure 4.9). Figure 4.9a shows that 
the statistics of topography, hydrology, Sentinel-2 bands, and their ratios are dominating in 
the formation of the new-trained model for mapping old and new landslides in the protected 
forests. On the other hand, Figure 4.9b confirmed that textural features derived from the 
GLCM of the combination of Sentinel-1 and -2A, and Sentinel-2A and topography, were 
influential variables of forming the new-trained model for mapping landslides in the non-
protected forests. 
This study has utilized object features derived from different bands of Sentinel-2A and 
VV polarization of Sentinel-1A for detecting old and new landslide from non-landslide objects. 
Nevertheless, we had limitations about the availability of dual polarimetry products of 
Sentinel-1 such as VV-VH or HH-HV, due to synchronization with the Sentinel-2 in the study 
area, for increasing detection of hidden landslides by regenerated vegetation [289]. We also 
suggest the integration of Sentinel images with the other radar data, which are acquired in the 
L spectrum, for penetrating dense forest cover and mapping possible landslide events. 
Moreover, some new landslide events might be caused by human activities, such as forest 
conversion to farmlands, forest harvesting, road building, and mining in the non-protected forest, 
which need to be carefully considered for mapping old and new landslides by the future studies. 
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Figure 4.9 The top final object features contributed to mapping old and new landslides using 
the object-oriented random forest in the protected (a) and non-protected (b) forests of the 
Hyrcanian ecoregion, NE Iran 
4.6 Conclusions 
This study has developed a new analysis for mapping old and new landslides with the 
contributions of Sentinel-1A, Sentinel-2A, and DEM derivatives using the object-oriented 
random forest approach in the protected and non-protected forests in NE Iran.  
The use of hundreds of derived features from Sentinel images and topographic data 
revealed that the influential variables for detecting old and new landslides in the protected 
and non-protected forests are different. The top influential features for mapping old landslides 
are Sentinel-2-derived indices, contextual features, and topographic layers in the protected 
forests. However, the textural features of Sentinel-2A, Sentinel-1 and -2A, and topographic 
variables gained higher importance for mapping new landslides in the non-protected forests. 
The high mean values of the slope, TRI, and the difference to the neighbours of the 
narrow-near infrared and red bands of Sentinel-2 significantly differentiated old and new 
landslides from non-landslides in the protected forests. However, the standard deviation 
derived from the GLCM of all channels (Sentinel-1 and -2A), and the contrast and dissimilarity 
derived from the GLCM of NDWI2 were the top influential sub-features for mapping new 
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landslides in the non-protected forests. Furthermore, the high importance of other object 
features can be considered for mapping old and new landslides such as ARVI, GNDVI, BI2, 
and the standard deviation derived from the GLCM of VV polarization in the protected forests, 
and the mean difference to neighbours of B2 and the flow direction river in the non-protected 
forests. These findings highlight that a synergetic of Sentinel- and DEM-derived features need 
to be employed for mapping old and new landslides in the forest regions.  
This study suggests testing the ability of the dual-polarization of Sentinel-1 (VV-VH, or 
HH-HV) with the combination of Sentinel-2, for the mapping of landslides in forest areas. We 
compared the importance of common features for mapping old and new landslides in the 
protected and non-protected forests; however, exerting some human-induced features such as 
deforestation, forest fragmentation induced by developing infrastructures, and logging and 
mining activities, may facilitate landslide detection in the non-protected forests as well. 
We have proposed an object-oriented framework to discern old and new landslides from 
the forest background, with the contributions of freely available Sentinel images and ancillary 
data. The result can be applied for the real-time assessing of landslide-caused disasters, the 
identifying of the spatiotemporal patterns of landslide events (for forest managers and 
engineers), and the analysing of the susceptibility of forests to landslide hazards.  
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5.1 Abstract 
Despite recent progress in landslide susceptibility mapping, a holistic method is still needed to 
integrate and customize influential factors with the focus on forest regions. This study was 
accomplished to test the performance of geographic object-based random forest in modelling 
the susceptibility of protected and non-protected forests to landslides in northeast Iran. 
Moreover, it investigated the influential conditioning and triggering factors that control the 
susceptibility of these two forest areas to landslides. After surveying the landslide events, 
segment objects were generated from the Landsat 8 multispectral images and digital elevation 
model (DEM) data. The features of conditioning factors were derived from the DEM and 
available thematic layers. Natural triggering factors were derived from the historical events of 
rainfall, floods, and earthquake. The object-based image analysis was used for deriving 
anthropogenic-induced forest loss and fragmentation. The layers of logging and mining were 
obtained from available historical data. Landslide samples were extracted from field 
observations, satellite images, and available database. A single database was generated 
including all conditioning and triggering object features, and landslide samples for modelling 
the susceptibility of two forest areas to landslides using the random forest algorithm. The 
optimal performance of random forest was obtained after building 500 trees with the area under 
the receiver operating characteristics (AUROC) values of 86.3 and 81.8% for the protected and 
non-protected forests, respectively. The top influential factors were the topographic and 
hydrologic features for mapping landslide susceptibility in the protected forest. However, the 
scores were loaded evenly among the topographic, hydrologic, natural, and anthropogenic 
triggers in the non-protected forest. The topographic features obtained about 60% of the 
importance values with the domination of the topographic ruggedness index and slope in the 
protected forest. Although the importance of topographic features was reduced to 36% in the 
non-protected forest, anthropogenic and natural triggering factors remarkably gained 33.4% of 
the importance values in this area. This study confirms that some anthropogenic activities such 
as forest fragmentation and logging significantly intensified the susceptibility of the non-
protected forest to landslides. 
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5.2 Introduction 
Despite the importance of physical-resisting forces of forests to the propensity for landslide 
occurrence, human and non-human variables can accelerate the spatial probability of landslide 
occurrence through slope stability in a given area [359]. However, the holistic understanding 
of the importance of conditioning and triggering factors that control the susceptibility of forest 
areas to landslides has not been appropriately customized yet. Anthropogenic triggering 
factors may reduce the resisting forces of forests to landslides by deforestation  [37,77–84], 
logging [79,85–90], and mining [91], or may increase the susceptibility of forest areas to 
landslides by the fragmentation induced by infrastructure development such as road-network 
expansion [79,80,90,360–365] with the consequences of mass movements and slope failures. 
Likewise, natural triggering factors such as earthquake [95,97,366,367], rainfall [99–103], and 
flooding [104,105] may increase the propensity for occurring landslides by reducing the 
resisting forces in forest areas. Meanwhile, a comparison between the importance of 
conditioning and triggering factors in protected and non-protected forests may reveal the 
effects of anthropogenic activities on the susceptibility of disturbed forests to landslides. 
Various methods have been developed for assessing landslide susceptibility with respect 
to knowledge-driven approaches, physical and statistical models, and machine learning 
algorithms [13,368]. Knowledge-driven approaches are subjective and determine the influence 
of a variable through an expert’s opinion [369] that may affect the real expectation of landslide 
susceptibility [370]. Moreover, the physical models are appropriate for assessing the 
susceptibility of small areas to landslide in the presence of detailed geological, pedological, 
hydrological, and geomorphological information [371,372]. The statistical models are 
dependent on the input data characteristics, where any uncertainty in data may lead to a huge 
error in mapping the landslide susceptibility [106,372,373]. In contrast, machine learning 
applies algorithms for modelling through learning data, where their high ability in the 
estimation of a model has made them more popular for analysing the landslide susceptibility 
at a regional scale [107] such as artificial neural networks (ANN) [374], decision trees (DT) 
[375], Bayesian network (BN) and naïve Bayes [376], support vector machines (SVM) [377], 
and random forest (RF) [98,107–109,378–381]. RF, as an ensemble machine learning algorithm, 
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is known for its ability in handling both parametric and non-parametric variables, working 
with big data without any selection, reduction, or preprocessing, handling missing values 
automatically, avoiding the risk of over-fitting, self-testing using “out of bag” data, and 
yielding high satisfactory accuracy in modelling [112]. Furthermore, RF has achieved robust 
performance for the mapping of landslide susceptibility in comparison with the conventional 
statistical models such as weights-of-evidence [382], logistic regression [106,382,383], and 
generalized additive models (GAM) [382]; or even other machine learning techniques such as 
boosted regression trees [107,384], regression tree [385], ANN [383,386], and SVM [382,387]. 
For example, Vorpahl et al. [384] concluded that RF indicated a higher performance than 
statistical and other machine learning methods such as GAM, generalized linear models 
(GLM), the maximum entropy method (MEM), classification tree analysis, multivariate 
adaptive regression splines, and ANN for analysing influential variables that control natural 
landslides in montane tropical forest, South Ecuador. Likewise, Dou et al. [388] reported that 
RF performed higher overall efficiency than DT for mapping rainfall-induced landslide 
susceptibility at a regional scale in Japan. 
Recent studies have criticized the current derived landslide susceptibility mapping in 
terms of applying similar geo-environmental factors over different regions and times 
[13,14,111], considering fixed effects of a variable [77,111] such as distance to roads [111] and 
land-use/land-cover derived from the current available images without assessing their 
dynamic changes [14,77]. However, the current land-cover may not reflect its actual status 
during the time a landslide occurs in a specific area [77,389], and human-induced triggering 
factors such as logging and road construction may reduce slope stability over time. For 
example, Wolter et al. [86] showed that landslide events were observed in forests that had been 
opened by logging activities or fragmented by road construction in the Chilliwack River 
Valley, British Columbia, and reported that other geo-environmental variables did not show 
significant effects on the slope instability. 
The Hyrcanian ecoregion has been degraded by different human and natural triggering 
factors such as forest and rangeland conversion [70,261], forest fires [204,323], flooding [390], 
landslides [391–393], soil erosion [394], and climate hazards [321,322] in the northeast (NE) Iran. 
Several studies have accomplished mapping landslide susceptibility in Hyrcanian forests, but 
have mostly focused on applying models and using common conditioning factors [380,395–398] 
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with less attention given to the temporal dynamics of natural and anthropogenic triggering 
factors. 
Less is known about the influence of different conditioning factors such as natural and 
particularly anthropogenic triggering factors for mapping landslide susceptibility in forest 
areas. For this purpose, a holistic approach needs to be developed to model the actual 
importance of conditioning and triggering factors, which control the susceptibility of protected 
and disturbed forests to landslides. Therefore, this research was designed to evaluate the 
performance of applying object-based random forest for mapping landslide susceptibility in a 
protected forest and a non-protected forest in NE Iran. Furthermore, we compared the 
importance of influential variables that control the susceptibility of these forests to landslides. 
Specifically, we aimed to find appropriate answers to the following questions: (i) Does object-
based random forest show a satisfactory performance for modelling landslide susceptibility in 
protected and non-protected forests? (ii) Which conditioning and triggering factors are at the 
top in modelling the susceptibility of these two forest areas to landslides? and (iii) How do 
natural and anthropogenic triggering factors affect the susceptibility of protected and non-
protected forests to landslides? 
5.3 Materials and Methods  
5.3.1 Description of study area 
We selected a protected and a non-protected forest for analysing landslide susceptibility in the 
eastern part of the Hyrcanian forests, southeast Caspian Sea, Iran. The largest Iranian National 
Park, Golestan, is assigned as a protected forest (approx. 500 out of 920 km2) (Figure 5.1a). The 
protection of this park has taken place since 1957 and was registered by UNESCO as a 
biosphere reserve in 1976 as it contains fifty percent of the total of Iran’s mammal species and 
above 1400 plant species registered by UNESCO [122,130]. A non-protected forest was selected 
in the neighbourhood of this protected area (approx. 1500 km2). This area has been affected by 
a variety of human activities such as deforestation [70], logging, mining, and road construction 
[399]. The annual rate of deforestation was reported at about 0.85% [70], the number of forest 
logging parcels increased to 400 (34,000 ha), the number of mines reached 12 plans (12,520 ha), 
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and the length of roads increased from 120 to 1257 km between 1966 and 2016 (Figure 5.1b). 
The average elevation, slope, and rainfall of the two studied forests are about 1280 m, 30° and 
600 mm, with the predominant forest type of Quercus castaneafolia-Carpinus betulus.  
However, dominated lithology types of the protected and non-protected forests are Jl 
(limestone, oolitic-porous dolomitic limestone; Lar formation; Mesozoic era; Jurassic period) and 
Js (upper: shale, marl, sandstone, nodular Ls, Ammonite, Belemnite, and lower: shale, sandstone 
with thin-bedded limestone; Shemshak formation; Mesozoic era; Jurassic period), respectively.  
Figure 5.1 Location of the study areas in the Hyrcanian ecoregion in NE Iran: the Golestan 
National Park as a “protected forest” (a); and disturbed forests by mining, logging, and road 
building as a “non-protected forest” (b). Landslide events I were collected from different resources 
in the current research and the landslide events II were adopted from Shirvani et al.  [393] 
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5.3.2 Landslide surveying 
Landslide events were collected from different sources. The CORONA KH-4B image (Mission 
ID: 1110-1089Fore) of 1970 (~2 m) (https://corona.cast.uark.edu/atlas) and aerial photos 
(1:20,000) from 1966 were used to survey old landslides (~230 samples) mostly in the protected 
forest. The new landslides (~430 samples) were obtained from field observations, the available 
database [324], and high-resolution images of Google Earth for 2016 (Figure 5.1). In addition 
to these samples, about 210 and 1650 polygons of old and new landslides, which were mapped 
using Sentinel images by Shirvani et al. [393], were used along with the landslide samples for 
the two study areas (Figure 5.1). The size of the landslide samples ranged between 0.095 and 
239.6 ha in the protected forest and between 0.018 and 60.82 ha in the non-protected forest. 
5.3.3 Image segmentation for generating objects   
A group of pixels that have similarity in their spectral and spatial properties is defined as an 
object [241]. The object-based paradigm has the ability to derive all possible features from the 
spectral, geometrical, contextual, and textural properties of either satellite images [241] or GIS 
(Geospatial Information Systems)-based data [400]. To obtain homogeneous objects, multi-
resolution segmentation was implemented on the spectral bands of Landsat 8 of 2016 and 
SRTM (Shuttle Radar Topography Mission)-derived digital elevation model (30 m) [401]. After 
testing different scales by trial and error, the scale of 150 was selected with a higher weight for 
the near-infrared band (NIR) and the compactness and shape values of 0.8 and 0.2, respectively. 
The final segmentation was optimized using some digital elevation model (DEM) derivatives 
[393] such as slope, hillshade, terrain ruggedness index (TRI), and flow direction river (FDR). 
These image-segmented objects were assigned to calculate anthropogenic-induced 
deforestation and forest fragmentation from remote sensing data (Figure 5.2). Moreover, the 
summary statistics of conditioning and other triggering factors were calculated within each 
object segment. 
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Figure 5.2 The process of discriminating forests from non-forests using object-based nearest 
neighbour and rule-based classifications by utilizing CORONA images/aerial photos of 1970 
and Landsat 8 of 2016 over the protected and non-protected forests in NE, Iran (after 
Shirvani et al. [399]). Abbreviations: stdDev.: Standard deviation; Max. diff.: Maximum 
difference; GVI: Green Vegetation Index; EVI2: Enhanced vegetation index2; GLCM: Gray-
level co-occurrence matrix 
5.3.4 Conditioning and triggering factors 
We divided the driving forces of landslide susceptibility into conditioning and triggering factors 
based on the previous studies in the literature review [380,402] and the landslide characteristics of 
the study areas. Conditioning factors are cumulative events that show the potential of landslide 
occurrence but do not necessarily trigger landslides [403] while triggering factors activate the 
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landslides and increase the probability of occurrence by disturbing the balance between driving and 
resisting forces [404]. The selected conditioning variables included topographic, hydrologic, geology, 
soil, and vegetation layers. We generated topographic layers from the DEM; the hydrologic layers 
from the DEM and digital topographic maps (1:25,000); geological maps (1:100,000) from the 
Geological Survey and Mineral Explorations of Iran and soil maps (1:100,000) from the Agriculture 
Department of Iran; and forest types were based on the thematic maps of forest management plans 
(Table 5.1). Furthermore, triggering factors were classified into natural (i.e., rainfall, earthquake, and 
flood) and anthropogenic (i.e., forest fragmentation, forest loss, logging, and mining). Rainfall 
intensity and earthquake magnitude were created by kriging [405] and inverse distance weighted 
(IDW) interpolation methods [406] from the historical events (Table 5.2). Flood frequency was 
calculated based on the frequency of flood occurrence along the main rivers within a specific 
catchment during the last five decades using Equation (5.7) (Table 5.2). 
We created the forest layer of 1970 from CORONA images and aerial photos using object-based 
nearest neighbour classification (Figure 5.2). A multispectral image was created from the original 
band of the images and two created channels using the sharpening and embossing filters. The 
segmentation was implemented through the multispectral resolution algorithm on these images. 
The possible classes were defined and some objects from each class were selected as training 
samples. Varieties of ancillary spectral and textural features were created to improve the accuracy of 
the classification. After optimizing the dimensions of the features, the standard nearest neighbour 
algorithm was applied for classifying the images to the forest and non-forest classes [399]. Moreover, 
the forest layer of 2016 was mapped from Landsat 8 using the object rule-based classification (Figure 
5.2). After image segmentation as described earlier in Section 2.3, some objects from each class were 
selected. Then, different spectral, contextual, and textural features were derived from the main 
spectral bands of Landsat 8. The thresholds of non-forest classes from the forest class were 
determined by matching their values within the derived object features. The objects that had 
maximum difference values less than 0.52 were classified as water, residential areas, and grasslands; 
objects that had green vegetation index (GVI) [249] values that were negative and standard 
deviations derived from the grey-level co-occurrence matrix (GLCM) less than 21 were classified as 
dry-farming; the objects that had enhanced vegetation index2 [67] values higher than 0.98 and 
entropy derived from the GLCM less than 7 were classified as irrigated-farming; and the remaining 
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unclassified objects were classified as forest [399]. The accuracy of the classifications was validated 
using the provided ground truth samples and confusion matrix [175], as shown in Table 5.S1. 
We calculated some forest loss and forest fragmentation metrics by comparing these 
two forest layers such as the rate of forest loss [70], edge density (ED), mean patch size 
(MPS), mean shape index (MSI), mean patch edge (MPE), mean perimeter-area ratio 
(MPAR), and the number of patches (NumP) within each object [407] (Table 5.2). These 
metrics were included as triggering of landslide susceptibility along with the other variables. 
The total volumes of logging and weights of mining materials were calculated within each 
object from 1970 to 2016 as indicators of logging and mining intensity in the two studied 
forests. 
5.3.5 Landslide susceptibility 
The object-based random forest approach was employed to assess the susceptibility of the 
protected and non-protected forests to landslides by contributing the conditioning and 
triggering factors as well as old and new landslide samples. 
Spatially, the landslide samples are joined to the objects of predictor variables. An object 
where over 50% of its area was affected by landslides was indicated as a landslide-affected 
object (LAO) and otherwise as a non-affected landslide object (NLAO). Roughly 20% of the 
LAO and NLAO objects were randomly selected for determining the importance of variables 
that control landslide susceptibility and modelling the spatial probability of landslide using a 
classification and regression trees (CART) procedure of RF [408,409]. 
RF is an ensemble-learning algorithm that builds several decision trees during the process of 
model formation. The training of each tree was carried out by bootstrap sampling from the 
generated dataset; about two-thirds of the samples were used for training a decision tree (in bag 
samples) and the remaining one-third was used to test the accuracy of the formed tree (out of bag 
(OOB) samples). Multiple RFs were built to determine the optimal number of variables that 
needed to be applied for every splitting in each tree of the forest [410] in both study areas 
(Figures 3a,b). The OOB prediction was computed using the majority vote obtained from the 
OOB data for each object. The OOB error of an object was computed from the OOB prediction 
of that object.  
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Table 5.1 Conditioning factors for mapping landslide susceptibility used in NE Iran. 
Category Variables Description Sources 
Conditioning factors of landslide 
Topographic 
Elevation The average of elevation (m) [411] in an object. 
[96,98,107,109,378,
384,385,412–421] 
 
Slope (°) 
The average of maximum changes in elevation value [422] 
within each object. 
Aspect The average of the slope direction [422] within each object.  
Curvature 
The average rate of changing in slope or aspect [423] within 
an object.   
Plan curvature 
 
 
The average values of the position of the curvature surface 
to the direction of slope perpendicularly within each object. 
The convex position indicates by positive values and 
concave position by negative values [424]. 
Profile curvature 
The average of the amount of the curvature surface in the 
direction of maximum slope within each object. The convex 
surface indicates by negative values and concave surface by 
positive values [425].  
Terrain 
convergence 
index (TCI) 
 
 
 
 
TCI measures the intensity of the divergence or convergence 
within an object. Divergent surface indicates by positive 
values while convergent surface indicates by negative values [426]. 
𝑇𝐶𝐼 = (
1
8
 ∑ 𝛳𝑖
8
𝑖=1 ) − 90°     (5.1) 
θ: average degree between the direction of adjacent cells 
and the direction to the central cell.  
Topographic 
position index 
(TPI) 
 
 
 
 
TPI measures the difference between the elevation of the 
central point (𝑧0) against the average elevation (𝑧̅) in a specific 
radius (R) [427,428]. 
𝑇𝑃𝐼 = 𝑧0 − 𝑧̅        (5.2a) 
𝑧̅ =  
1
 𝑛𝑅
∑ 𝑧𝑖𝑖∈𝑅 .       (5.2b) 
Positive values: the higher position of the central points 
Negative values: the lower position of the central points 
Terrain 
ruggedness index 
(TRI)  
 
 
TRI measures heterogeneity in the landscape [429].  
𝑇𝑅𝐼 =  √|𝑥|(𝑚𝑎𝑥2 − 𝑚𝑖𝑛2)     (5.3) 
max: maximum values of elevation within a 3 × 3 cell window 
min: minimum values of elevation within a 3 × 3 cell window. 
Hydrologic 
Distance to river Nearest distance to river based on Euclidean distance [430]. [96,98,107,109,388,3
95,412,413,415–421]  
River density The magnitude of the river (m) per hectare [431] 
Topographic 
wetness index 
(TWI)  
 
 
 
TWI measures the topographic dimension of hydrological 
processes [423].  
𝑇𝑊𝐼 = 𝑙𝑛 ( 
𝐴𝑠
𝑡𝑎𝑛 𝛽
 )      (5.4) 
𝐴𝑠: Catchment area  
𝛽: Slope gradient (degree) [423,427].  
Stream power 
index  
(SPI) 
 
SPI measures the erosive severity of a stream [423]. 
𝑆𝑃𝐼 =  𝐴𝑠 × 𝑡𝑎𝑛 𝛽           (5.5) 
𝐴𝑠 : The area of a catchment  
𝛽: Slope gradient (degree)  
Sediment 
transport index 
(STI) 
 
STI measures the erodibility of a stream [432]. 
𝑆𝑇𝐼 = (
𝐴𝑠
22.13
)
0.6
(
𝑆𝑖𝑛𝛽
0.0896
)1.3      (5.6) 
𝐴𝑠 : The area of a catchment  
𝛽: Slope gradient (degree) [433]. 
Geology 
Lithology Lithology units 
[98,106,109,374,380,
395,412,413,420,434] 
 
Distance to faults 
Nearest distance to the fault lines based on Euclidean 
distance [430]. 
Fault density The magnitude of fault (m) per hectare [431]. 
Soil 
Soil texture Soil textures [109,395,413,414] 
 Soil hydro group Soil drainage 
Vegetation Forest type Dominant tree species [109] within an object.  [107,109,414,435,436] 
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Table 5.2 Triggering factors for mapping landslide susceptibility used in NE Iran. 
Category Variables Description Sources 
Triggering factors of landslide 
Natural 
triggering 
factors 
Rainfall 
Long-term regional average annual raining data 
(mm/y) for 30 years interpolated by kriging 
[321,405]. [98,387,390,
395,413,416,
434,437] 
Earthquake 
Long-term regional average of the magnitude of 
earthquakes (1970 to 2016) mapped by inverse 
distance weighting (IDW) interpolation method 
[406,438] 
Flood frequency (FF) 
FF measures the frequency of flood occurrence 
along the main rivers during the last five decades 
within a specific catchment. 
𝐹𝐹 =  
∑ 𝐿𝑖 × 𝐹𝑖
𝑛
𝑖=1
𝐴𝑆
         (5.7) 
𝐿𝑖 : Length of a specific river (i) 
𝐹𝑖: The frequency of flood for the long-term 
𝐴𝑆: The area of the catchment 
Current 
study 
Anthropogenic 
triggering 
factors 
Forest 
fragmentation 
Patch density 
and size 
metrics [407] 
Number of patches within an object (𝑁𝑢𝑚𝑃) 
Current 
study 
Mean patch size within an object (𝑀𝑃𝑆) 
𝑃𝑆 =  
𝑇𝐶𝐴
𝑁𝑢𝑚𝑃
              (5.8) 
𝑁𝑢𝑚𝑃: Number of patches within an object 
𝑇𝐶𝐴: Total area of patches in an object 
Edge metrics 
[407] 
 
Edge density within an object (ED) 
𝐸𝐷 =
𝑇𝐸
𝑇𝐶𝐴
                 (5.9) 
𝑇𝐸: Total edge of patches within an object 
𝑇𝐶𝐴: Total area of patches in an object 
Mean patch edge within an object (MPE) 
𝑀𝑃𝐸 =
𝑇𝐸
𝑁𝑢𝑚𝑃
             (5.10) 
𝑁𝑢𝑚𝑃: Number of patches within an object 
𝑇𝐸: Total edge of patches within an object 
Shape metrics 
[407] 
Mean shape index (MSI) within an object 
𝑀𝑆𝐼 =  
𝑇𝐸
√𝑇𝐶𝐴
           (5.11) 
𝑇𝐸: Total edge of patches within an object 
𝑇𝐶𝐴: Total area of patches in an object 
Mean perimeter-area ratio (MPAR) within an 
object 
𝑀𝑃𝐴𝑅 =  
𝐸𝐷
𝑁𝑢𝑚𝑃
            (5.12) 
ED: Edge density within an object  
𝑁𝑢𝑚𝑃: Number of patches within an object 
Forest loss (FL) 
𝐹𝐿 =  
(𝐹𝑎−𝐹𝑏)
(𝐹𝑎∗𝑇)
             (5.13) 
𝑇: The time duration of each period 
𝐹𝑎 and 𝐹𝑏: The forest area at the beginning and 
end of each period [70]. 
Current 
study 
Logging 
The total volume of logging (1966–2016) within 
an object 
Current 
study 
Mining 
Total weight of mining (1966–2016) within an 
object 
Current 
study 
 
 
Chapter 5 
 
 
 
 
The results over all of the objects were used to calculate the error rate. The optimal 
performance of RF was determined with respect to the maximum area under the receiver 
operating characteristic (AUROC) [439,440] and the evaluating metrics of model performance 
such as sensitivity (Equation (14)), specificity (Equation (15)), precision (Equation (16)), and F-
measure (Equation (17)) that were computed using the status of OOB errors including the 
objects that were labelled as LAO and also classified as LAO (TP); the objects that were labelled 
as NLAO and classified as NLAO (TN); the objects that were labelled as LAO but classified as 
NLAO (FN); and the objects that labelled as NLAO but classified as LAO (FP) [439,440]. 
Sensitivity =  
𝑇𝑃
𝑇𝑃 + 𝐹𝑁
 (14) 
Specificity =  
𝑇𝑁
𝑇𝑁 + 𝐹𝑃
 (15) 
Precision =  
𝑇𝑃
𝑇𝑃 + 𝐹𝑃
 (16) 
F1 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦
 (17) 
 
RF calculates the importance of each variable in the classification through Gini importance 
or Permutation importance [441]. The importance of variables was determined depending on 
the internal Gini method [442] in this study. The probability value of assigning an object to the 
class LAO—depending on a specific threshold—was indicated as the susceptibility of that 
object to the landslide. All objects were scored depending on the optimal-trained model for 
calculating their susceptibility to landslide from zero (very-low probability) to one (very-high 
probability) in both protected and non-protected forests. 
 
110 
 
 
Figure 5.3 The optimal number of trees and the number of variables for splitting in each tree of 
the random forest based on the minimum misclassification error for mapping landslide 
susceptibility in the protected forest (a) and non-protected forest (b); the area under the ROC curve 
obtained from the out-of-bag error for testing the performance of random forest for mapping 
landslide susceptibility in the protected forest (c) and non-protected forest (d) in NE Iran 
5.4 Results 
5.4.1 Summary of model validation 
The evaluation measures indicated that object-based random forest showed good performance 
in assessing the importance of variables that control the susceptibility of protected and non-
protected forests to landslides. The optimal number of variables for every splitting in each tree 
was obtained as 7 and 11 in the protected and non-protected forests, respectively, depending 
on the minimum misclassification error (Figures 5.3a,b). The optimal AUROC values of 
protected and non-protected forest obtained about 86.31 and 81.77% after the formation of 500 
trees. The sensitivity values of 77.54 and 74.56% were obtained from mapping the landslide 
susceptibility in the protected and non-protected forests, as shown in Table 5.3. 
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Table 5. 3 The results of the accuracy assessment of landslide susceptibility mapping based 
on the influential variables that control the occurrence of the landslide in the protected and 
non-protected forests. 
 Metrics 
Specificity 
(%)  
Sensitivity 
(%)  
Precision 
(%) 
F1 Statistic 
(%) 
Misclassification 
Rate (%)  
AUROC 
(%)  
Landslide 
susceptibility 
PF  77.85 77.54 92.62 84.41 23.38 86.31 
NPF  73.02 74.56 73.37 73.96 26.21 81.77 
Abbreviations:  AUROC, the area under the receiver operating characteristics; NPF, non-protected forest; PF, 
protected forest. 
5.4.2 The importance of variables  
The analysis of variable importance indicated that the top variables that controlled landslide 
susceptibility belonged to the topographic and hydrologic categories in both the protected and 
non-protected forests. The most influential variables were terrain ruggedness index (TRI) and 
river density with 19.54 and 6.07% of importance values in the protected and non-protected 
forests, respectively (Figure 5.4). The triggering variables had a significant influence on the 
landslide susceptibility in both regions; however, the score values of natural triggering factors 
(16.20%) were higher than the values of anthropogenic triggering factors (<1%) in the protected 
forest. On the other hands, anthropogenic factors (16.89%) such as forest fragmentation, logging, 
and mining activities recorded slightly higher score values than the natural triggering factors 
(16.50%) such as rainfall, flood, and earthquake in the non-protected forest (Figure 5.4). The 
geological variables recorded higher values in the non-protected forest in comparison to the 
protected forest. The type of forest variable showed a score value of 2.58% in the protected forest 
and trivial importance in the non-protected forest. However, soil variables recorded total values 
of less than one percent for expressing landslide susceptibility in the two study areas. 
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Figure 5.4 Comparison of the variable’s importance in controlling the susceptibility of 
protected forest (a) and non-protected forest (b) to landslides in NE Iran. While topographic, 
hydrologic, and natural triggering factors were dominant variables in the protected forest, the 
anthropogenic triggering factors recorded higher importance values than the natural 
triggering factors with a total value close to the importance of topographic and hydrologic 
variables in the non-protected forest in NE Iran 
5.4.3 Landslide susceptibility mapping  
 The output maps indicate that the distribution of the landslide susceptibility of non-protected 
forest (0.51 ± 0.36) was higher than in the protected forest (0.34 ± 0.33) in the study area (Figure 
5.5). The high susceptibility values of landslides were distributed in the east of the protected 
forest (Figure 5.5a), which resulted from the extremely rugged and steep surfaces as well as 
the magnitude of the occurred earthquake and hydrological variables such as topographic 
wetness index (TWI) and distance to the river (Figure 5.4). Although different parts of the non-
protected forest were occupied by high values of landslide susceptibility, those forests affected 
by the interaction of hydrologic and topographic variables with anthropogenic and natural 
triggering factors received higher values of landslide susceptibility, particularly in the central 
and southern parts of the non-protected forest (Figure 5.5b). 
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Figure 5.5 The landslide susceptibility maps of the protected forest (a) and the non-protected 
forest (b) in NE Iran. The maps show that the majority of high susceptibility values of 
landslides were distributed in the eastern parts of the protected forest (a) occupied by highly 
and extremely rugged or steep surfaces, while the high values of landslide susceptibility 
were distributed throughout the non-protected forest (b), particularly where anthropogenic 
and natural triggering factors interacted with the hydrologic and topographic variables  
 
 
 
 
114 
 
5.5 Discussion 
5.5.1 The accuracy of landslide susceptibility maps in the protected and non-protected forests 
The results of the model assessment indicated the high accuracy of the obtained landslide 
susceptibility maps from the RF model with the contribution of influential conditioning and 
triggering variables for both the protected and non-protected forests. However, the landslide 
susceptibility map of the protected forest showed a higher AUROC value than the landslide 
susceptibility map of the non-protected forest (Table 5.3). The high performance of RF for 
landslide susceptibility mapping has also been verified in previous studies [106,107,384,385,387]. 
This study adds that the application of an object-based random forest resulted in high accuracy 
of landslide susceptibility mapping, whereas the pixel-based random forest was the model of 
interest by the aforementioned researchers. 
5.5.2 The importance of conditioning factors for mapping landslide susceptibility in protected 
and non-protected forests 
Our analysis of comparing the influential variables revealed that the topographic factors 
obtained the highest scores for mapping landslide susceptibility in the protected forest; 
however, there was a relative balance between the scores of topographic, hydrologic, and 
triggering factors in the non-protected forest. The topographic features obtained about 60% of 
the total importance values in the protected forest; 36% of the values were assigned to the TRI 
(19.5%) and slope (16.5%) (Figure 5.4).  
The majority of landslide events fell in the old type in the protected forest, which are scattered 
in the steeped slopes and coarse rugged surfaces [393]. Furthermore, our analysis showed that 
the spatial probability of landslide significantly increased from 0.75 to 1 when the TRI 
increased from 14 to 27 (Figure 5.6a) and the slope increased from 25˚ to 51˚ (Figure 5.6b) in 
the protected forest. The high importance of the TRI [98,107] and slope [106,108–110] for 
mapping the landslide susceptibility has also been reported in several studies. Nevertheless, 
some research has addressed the low importance of slope for mapping landslide susceptibility 
[107,378,385]. 
Although topographic features gained about 36% of importance in the non-protected 
forest, their score was lower than the score of the topographic features in the protected forest. 
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Both studied forests showed almost similar topographic characteristics; however, the aspect 
(Figure 5.7b) and elevation (Figure 5.7c) recorded higher scores among the topographic 
features in the non-protected forest (Figure 5.4). Likewise, several studies have confirmed the 
high importance of aspect and elevation for landslide susceptibility mapping [49–53]. 
The hydrological features obtained about 18% of scores with the top variables of TWI (7%) 
and distance to rivers (4.7%) in the protected forest. While in the non-protected forest, the 
importance of hydrological features increased to 28.5% with the top variables of river density 
(Figure 5.7a) and sediment transportation index (STI) (Figure 5.7e). We can infer from these 
results that it is likely that increasing human activities such as deforestation may cause 
changes in the hydrological system and increase the sediment [443,444] through the rivers with 
the consequences of increasing the susceptibility of landslide [85]. For example, Swanson and 
Dyrness [90] concluded that clear-cutting-induced landslides has substantially increased 
transported sediment materials in forest areas. The importance of the TWI [108,110,381] and 
distance to river [4,50,53] has also been reflected in earlier studies mapping landslide 
susceptibility.  
The importance values of natural triggering factors were relatively equal between the two 
forests. The top variables of this category were earthquake (9.3%) and rainfall (4.6%) in the 
protected forest (Figure 5.4a), while all three variables roughly gained equal values in the non-
protected forest (Figure 5.4b). Although the importance of natural triggering factors such as 
earthquake [98] and rainfall [98,379,381,397] has been reported for mapping landslide 
susceptibility, earthquakes trigger landslides by generating primary slips and intensifying 
liquefaction in the saturated soils [98]. The intensification of natural hazards due to human 
intervention can increase the landslide susceptibility, as the importance of flood in the 
mapping of landslide susceptibility increased from 2.3% in the protected forest to 5.6% in the 
non-protected forest.  
Although anthropogenic triggering factors obtained less than one percent of importance 
in the protected forest, their importance was recorded at roughly 17% in the non-protected 
forest. The features of forest fragmentation (Figure 5.8) ranked the highest among the 
anthropogenic factors, which resulted from forest conversion and road-network expansion for 
logging, rural usages, and transporting mine materials in the non-protected forest since the 
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1970s [399]. For example, the length of the rural roads has increased from 113 to 752 km 
between 1970 and 2016, and about 245 and 155 km of logging and mine roads were built before 
2016, respectively. All the fragmentation metrics showed higher values in the non-protected 
forest in comparison to the protected forest (Figures 5.4 and 5.8).  
Moreover, the importance of logging and mining was 2.6% and 1.5% in the non-protected 
forest, respectively. The number of parcels for timber harvesting increased from 0 to 404 
between 1970 and 2016; the area of mining plans also expanded to 12,520 ha in the non-
protected forest before 2016. Most previous studies have frequently pointed to the 
anthropogenic triggering factors such as distance to roads [380,381,397,412,437], road density 
[395,412,445], land-use/land-cover types [107,378,379,385,397,413], and land-use changes 
[78,446,447] for the mapping of landslide susceptibility. However, the current study explicitly 
localized and classified the significant anthropogenic triggering factors depending on the 
human footprint including forest fragmentation, forest conversion, timber harvesting, and 
mining within the forests. The influences of building forest roads [89,360,363–365], logging 
[79,85–89], deforestation [37,77–82], forest fragmentation [80], and mining [91] on the 
occurrence, frequency, and distribution of landslides have been demonstrated in the forest 
areas. For example, Guns and Vanacker [82] highlighted that anthropogenic activities such as 
forest conversion increased the occurrence of small landslides and sediment deposition in 
tropical forests. Borga et al. [360] concluded that forest roads changed the stream flows and 
increased the susceptibility of the forest to shallow landslides on steep slopes. Guthrie [87] 
reported that the frequency and density of landslides have significantly increased, following 
timber harvesting in the forested watersheds. 
Although some studies have reported geological features as the main causes of increasing 
landslide susceptibility [110,379,380,395], our analysis revealed that the importance of these 
variables was lower than the topographic, hydrologic, and natural triggering factors in both the 
protected and non-protected forests as well as lower than the importance of anthropogenic 
triggering factors in the non-protected forest. Distance to faults with a value of 4.6% was the top 
variable of the geological features in the non-protected forest. In addition, some studies reported 
the low importance of lithology [106,109,385,397], but the high importance of distance to faults 
[385] for mapping landslide susceptibility. 
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Moreover, forest type did not show considerable importance for landslide susceptibility 
mapping in both forests. Concerning the importance of forest loss and forest fragmentation in the 
non-protected forest, we can argue that forest dynamics are superior to the forest type in landslide 
susceptibility mapping. Soil variables showed a neutral influence on landslide susceptibility 
[109] in both forests. 
This study indicated that the influential conditioning and triggering factors that control the 
susceptibility of the protected and non-protected forests to landslides are different. Likewise, some 
studies have verified the variety of landslide triggering factors for different regions [108,111]. The 
triggering factors of landslides have regional differences and the types of data in different study 
areas are not exactly the same.  
 
Figure 5.6 The layers of the top influential factors that control landslide susceptibility in the 
protected forest in NE Iran: terrain ruggedness index (TRI) (a); slope (b); earthquake (EQ) (c); 
elevation (Elev.) (d); topographic wetness index (TWI) (e); and profile curvature (Profile Curv.) (f) 
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Figure 5.7 The layers of the top influential factors that control landslide susceptibility in the 
non-protected forest in NE Iran: river density (a); aspect (b); elevation (Elev.) (c); rainfall (d); 
sediment transport index (STI) (e); and flood (f) 
 
Figure 5.8 The top influential anthropogenic triggering factors for mapping landslide 
susceptibility in the non-protected forest, NE Iran: the edge density and mean shape index 
indicating the forest fragmentation induced by road-network expansion and forest conversion 
(a,c); and the aggregation of logging volumes (b) from 1970 to 2016 
The integration of random forest and an object-based approach yielded a good 
performance for mapping the landslide susceptibility in our forest regions. However, the 
comparison of the integration of other machine learning algorithms with the object-based 
approach needs to be considered to improve the best method to map the landslide 
susceptibility in the forest regions. Furthermore, this research used multiple conditioning and 
triggering factors to assess the susceptibility of forest areas to landslides. However, other 
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factors may trigger landslide hazards such as ground water flow [448] in forest regions that 
need to be explored in the upcoming studies. 
5.6 Conclusions 
This study investigated the performance of a geographic object-based random forest for 
modelling the susceptibility of protected and non-protected forests to landslides. Various 
object features of conditioning (topographic, hydrologic, geologic, geology, soil, and 
vegetation) and triggering factors (rainfall, flood, earthquake, deforestation, forest 
fragmentation, logging, and mining) were applied as a database for the mapping of landslide 
susceptibility in the two forest areas using the random forest algorithm.  
Although the random forest exhibited good performance for the mapping of landslide 
susceptibility in both the protected and non-protected forests, its sensitivity in the protected 
forest was higher than that in the non-protected forest. The influential variables controlling 
the susceptibility of these two forests to landslides were different. Approximately 88% of the 
susceptibility of protected forests were explained by the conditioning factors focusing on the 
topographic (60%) and hydrologic (18%) features. Moreover, triggering factors recorded 22% 
of importance, focusing on natural triggering factors (16%). The top five variables were TRI, 
slope, earthquake, elevation, and TCI for the mapping of landslide susceptibility in the 
protected forest. In contrast, the importance values were distributed among the object features 
of both the conditioning and triggering factors in the non-protected forests. While the 
importance of topographic factors has significantly decreased, the importance of triggering 
factors focusing on anthropogenic features has substantially increased from less than 1% in 
the protected forest to about 17%—focusing on forest fragmentation and logging—in the non-
protected forest. Moreover, the effects of some features of hydrologic and natural triggering 
factors such as sediment transport index and flood frequency were amongst the top variables 
that control landslide susceptibility in the non-protected forest. The effects of these features 
could be caused or intensified by human activities such as deforestation, forest fragmentation, 
logging, and mining. These results provide managers and decision-makers with information 
in which to assess the consequences of developing destructive schemes such as road building, 
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logging, and mining before any intervention in forest areas. The importance of geology and 
soil features was lower than the importance of other variables in the non-protected forest.  
This study indicates that different forest areas can be affected by different conditioning 
and triggering factors that control their susceptibility to landslides. Consequently, there are no 
uniformly predefined influential variables for mapping landslide susceptibility in forest areas.  
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6 
Conclusions and Outlook 
6.1 Concluding remarks 
• The presented studies applied grid- and object-based methods for assessing long-term 
(1966–2016) forest changes. Forest changes were investigated at a watershed scale for 
assessing forest loss (Chapter 2) to a pristine forest in NE Iran for assessing forest 
fragmentation and forest degradation as well (Chapter 3). For these purposes, a 
combination of Landsat time-series data, aerial photos, CORONA images, Google 
Earth images, topographic maps, and field observations were employed. Moreover, 
two forest subsets including a protected forest and a non-protected forest were selected 
for assessing landslide susceptibility either induced by human-triggered or 
conditioning factors. A combination of object features derived from Sentinel-1 and -2 
and DEM derivatives were evaluated for discriminating old and new landslides from 
forest background (Chapter 4). Outputs from anthropogenic-induced forest changes 
and landslide events along with the natural triggers and conditioning factors were 
used for assessing influential predictors that control the susceptibility of the protected 
and non-protected forests to landslide hazards (Chapter 5). The object-oriented and 
object-based approaches with the contribution of the random forest algorithm were 
used to detect landslides and to assess landslide susceptibility. 
• The spatial patterns of forest changes demonstrated that about 25% of forests were 
completely destroyed in the lowlands of Gorganrood watershed where population 
dramatically increased and the urban and rural residential areas and farmlands were 
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expanded until the year 2000 (Chapter 2). In addition to residential growth, increasing 
destructive development schemes such as logging and mining may cause other forms 
of forest changes such as forest fragmentation and forest degradation that need to be 
scrutinized (Chapter 3). 
• The spatiotemporal patterns of low-volume road networks showed that since the 1980s 
rural roads have been upgraded, while forest and mine roads have significantly 
increased for the transport of timbers and mining materials (Chapter 3). The 
proliferation of forest and mine roads to pristine forests has significantly increased 
forest fragmentation and forest degradation since the 1980s, due to the development of 
destructive schemes including logging and mining concessions. Since the 2000s some 
relocation efforts have decreased forest loss such as the evacuation of population and 
livestock holders from the forest areas towards the remote locations (Chapter 3). 
Further research is necessary to demonstrate the consequences of these forest changes 
such as triggering natural hazards (Chapter 5) and disturbing biodiversity, forest 
functionalities and water resources, and jeopardizing the life of indigenous inhabitants 
in the forest regions. 
• Using hundreds of object features from the Sentinel-1 and -2 and DEM derivatives 
indicated that influential variables for discriminating old and new landslides from 
forest backgrounds are variable depending on the status of forest regions. Top 
variables for detecting old landslides are Sentinel-2-derived indices, contextual 
features, and topographic layers in the protected forests, while the textural features 
derived from Sentinel-2, Sentinel-1 and -2, and topographic variables yielded higher 
importance for mapping new landslides in the non-protected forests (Chapter 4). 
• The Application of various conditioning and triggering factors revealed that different 
factors control the susceptibility of different forest areas to landslide hazards. The 
topographic and hydrologic factors determine r fifths o-oughly four f importance values 
in the protected forests. However, anthropogenic triggers significantly contributed by 
about 17% importance in assessing the susceptibility of non-protected forests to 
landslides. Some natural triggers such as floods and hydrological factors such as 
sediment transport index– that could be caused or triggered by the destructive human 
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activities– showed high importance values for assessing landslide susceptibility in the 
non-protected forests as well (Chapter 5). 
6.2 Outlook 
• The present study applied object-based/oriented methods employing different 
classifiers for forest detection, landslide detection and landslide susceptibility 
assessment; we selected the appropriate size of segments depending on trial and error 
in all cases. We suggest testing the appropriate segment size with respect to the 
standard approaches for each of these objectives such as changed ROC-LV, ESP Tool, 
Object Pureness Index (OPI) and Object Matching Index (OMI). 
• The research showed that Hyrcanian forests have been significantly affected by 
anthropogenic activities. Other studies have shown that these forests are affected by 
climate hazards as well [322,323]. Future studies need to discriminate natural hazards 
triggered by different drivers in the forest regions. 
• Although we explored three dimensions of forest changes at local to regional scales, 
further studies are needed to investigate the detailed-scale changes of forest 
stratification with respect to the overstorey and understorey forest layers and tree 
species compositions. For this, we need to utilize data that allow identifying the forest 
stratification both vertically and horizontally such as ALOS PALSAR L-band 
backscatter.  
• Some human-induced forest changes showed important values in the vulnerability of 
forests to landslide hazards; the dimension of the effects of forest changes can be 
brought in relation to other natural hazards such as flooding, erosion, and subsidence 
using the applied or proposed approaches of my research. 
• Plenty of conditioning and triggering factors for assessing were used the susceptibility 
of forest areas to landslide hazards. However, other factors may trigger landslide 
hazards such as groundwater flow in the forest regions. They need to be explored in 
the upcoming studies.  
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• Some scholars reported improvement in the accuracy of landslide susceptibility maps 
using Permanent Scatterers Synthetic Aperture Radar Interferometry (PSInSAR™) 
data [449] or its combination with LiDAR data [450]. This study suggests testing the 
ability of the dual-polarization of Sentinel-1 (VV-VH, or HH-HV) and other radar data 
such as PSInSAR for mapping of both landslides and landslide susceptibility in the 
combination with our obtained influential features for these objectives in the forest 
regions as well. In addition to 2D landslide identification, the methods that could 
identify the type of landslide should be applied like the 3D-based detection approaches 
in the forest regions. 
• In this study, forests were derived from Landsat 8 based on the deep learning algorithms, 
the higher resolutions and wider wavelengths of Sentinel images necessitate to employee 
these algorithms with these data for forest classification as well. 
• Increasing forest fragmentation would be a big threat for wildlife, the consequences of 
this huge forest fragmentation and forest degradation need to be explored on the 
biodiversity and wildlife communities of Hyrcanian ecoregion. 
• Recently, several attempts have been increasing for protecting these forests such as the 
plans of relocation livestock holders, respiration of forests through the cut of 
concessions of new timber harvesting in some FMPs, and registration of some 
protected areas as world heritage sites and biosphere reserves by UNESCO. However, 
the forest respiration plan is limited for a short term and the mining operations are still 
ongoing, our results warn to shout down these activities for reducing forest 
fragmentation and degradation, and their influences on triggering natural hazards in 
this region. 
• The present studies evaluated the eastern part of Hyrcanian forests; we propose to 
study the remaining Hyrcanian forests regarding past changes through human 
interventions and their consequences from stand to regional scales. 
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Appendix A 
Supplementary Tables of Chapter 2 
 
Table 2.S1 General Characteristic of the Landsat MSS, Landsat TM and Landsat ETM+ [165] 
Satellite Sensor Bands 
Spectral 
Range (µm) 
Scene 
Size (km) 
Pixel 
Resolution (m) 
Landsat-1 Multi-Spectral Scanner MSS 1, 2, 3, 4 0.5–1.1 
185 ×185 
80 
Landsat-5 
Thematic Mapper TM 
multi-spectral 
1, 2, 3, 4, 5, 7 0.45–2.35 30 
Landsat-7 
Enhanced Thematic Mapper Plus ETM+ 
multi-spectral 
1, 2, 3, 4, 5, 7 0.450–2.35 30 
Landsat-7 ETM+ - Panchromatic 8 0.52–0.90 15 
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Appendix B 
Supplementary Tables of Chapter 4 
 
Table 4.S1 Main characteristics of Sentinel-1A image. 
Characteristics 
Band C-band 
Wavelength C-band (3.75–7.5 cm) 
Product type Ground Range Detected (GRD) 
Polarization  Single (VV) 
Orbit type Ascending 
Pixel spacing  10 × 10 m (range × azimuth) 
Incidence angle (˚) 30.6–46.0 
 
 
Table 4.S2 The characteristics of the Sentinel-2 satellite. 
Band Spatial resolution Spectral resolution 
B1 Aerosol Ultra blue 60 m 433-453 nm 
B2 Blue 10 m 458-523 nm 
B3 Green 10 m 543-578 nm 
B4 Red 10 m 650-680 nm 
B5 Red-edge 1 Visible and Near Infrared 20 m 698-713 nm  
B6 Red-edge 2 Visible and Near Infrared 20 m 733-748 nm  
B7 Red-edge 3 Visible and Near Infrared 20 m 765-785 nm  
B8 Wide near infrared wide 10 m 785-900 nm  
B8A Narrow near infrared 20 m 855-875 nm  
B9 Cloud 60 m 930-950 nm  
B10 Water vapor SWIR 60 m 1365-1358 nm  
B11 SWIR1 Short Wave Infrared 20 m 1565-1655 nm 
B12 SWIR2 Short Wave Infrared 20 m 2100-2280 nm 
160 
 
 
 
 
 
 
Appendix C 
Supplementary Tables of Chapter 5 
 
Table 5.S1 The results of the accuracy assessment of forest and non-forest classification categories 
using aerial photos and Landsat images in NE, Iran. 
Metric Category User’s accuracy Producer’s accuracy 
Time  1966 2016 1966 2016 
Method  NN RB NN RB 
Category 
Forest 0.8102 0.96 0.9911 0.9320 
Non-forest 0.9841 0.93 0.7045 0.9588 
Observed agreement  0.865 0.945 — — 
Kappa coefficient  0.7175 0.89 — — 
Abbreviations: NN, nearest neighbour classification; RB, rule-based classification using object-based image 
analysis.  
 
